Proactive Caching in 5G Small Cell Networks
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Proactive Caching in 5G Small Cell Networks
Abstract
Massive deployment of small-cell base stations (SBSs) is going to play a key role for capacity
and coverage enhancements in 5G networks. However, the backhaul for these networks remains one of
the important issue to solve. Ideally, the capacity of backhaul has to be in the same order of wireless
links in order to avoid bottlenecks in the delivery and sustain huge traffic generated by mobile users,
especially due to video streaming and content sharing in social networks. In reality, the deployment of
such high-speed backhauls is not straightforward due to its costly nature. Thus, one promising way of
tackling this backhaul bottleneck and satisfying users’ demand is to cache the strategic contents at the
edge of the network, namely at the SBSs and user terminals (UTs). So far, most of the existing solutions
are based on the reactive networking paradigm in which users’ content requests are served immediately
upon their arrival or causing outages otherwise. In this chapter, we first provide an overview for recent
research in small cell networks (SCNs), and then we explore the novel paradigm of proactive caching
in SCNs that leverages the latest developments in storage, context-awareness, and social networking.
With this approach, we show that important gains can be obtained, with backhaul offloadings and higher
ratios of satisfied users reaching up to 22% and 26%, respectively.

I. S MALL C ELL N ETWORKS : PAST, P RESENT AND F UTURE T RENDS
Smartphones have exponentially increased the traffic load in current cellular networks showing
no signs of slowing down [1], [2]. It is now well understood that a very effective way to
increase network capacity is making cells smaller by reducing the distance to the users [3].
Indeed, cell densification has gone from the order of hundreds of square kilometers (back in
the eighties) to a fraction of a square meter or less with the advent of hotspots. There has been
recently a great interest to deploy relays, distributed antennas and small cellular access points
(such as micro/pico/femto cells) in residential homes, subways, enterprises, and hot-spot areas.
These network architectures, which are either operator-deployed or user-deployed are referred
to heterogeneous networks (HetNets) or small cell networks (SCNs) [3], [4]. By deploying
additional network nodes within local-area range and making the network closer to end-users,
small cells can significantly improve spatial reuse and coverage, boost capacity, and offload
traffic more efficiently [4].
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There exists a comprehensive literature on the topic of HetNets and SCNs tackling various
aspects from interference management, cell association, stochastic network modeling, inter-cell
interference coordination (ICIC), energy-efficiency, self-organizing networkss (SONs), mobility
management, LTE/Wi-Fi interworking, among others (see [4] for a comprehensive survey). One
of the key take-away drawn from these studies is that tight interference coordination among
macro and femto/picocell tiers is necessary for achieving cell splitting gains. This hinges on
the availability of low-latency and high-capacity backhauls [5]. Network modeling approaches
based on stochastic geometric tools have shown reasonably-close performance gains (i.e., lower
bound) in terms of system-wide and per-user capacities. Their attractive feature is attributed
to the fact that unlike time-consuming system-level simulations, fundamental insights can be
gleaned from these tools, some of which have been corroborated by industry field trials and
observations from detailed simulations [6]. In parallel to that, mobility management has received
significant attention from the wireless industry, research community, and standardization bodies
[7]. Unlike conventional homogeneous networks where user terminals (UTs) typically use the
same set of handover parameters (i.e., hysteresis margin, time-to-trigger (TTT), etc.), using the
same set of handover parameters in HetNets for all cells and/or for all UTs may degrade mobility
performance. This is because high-mobility macro UTs may run deep inside coverage areas of
small cells before the TTT optimized for macrocells expires, thus incurring handover failure
(due to degraded signal-to-interference-plus-noise ratio (SINR)) [8]. Decentralized interference
management/mitigation strategies in co-channel interference scenarios have also been studied in
details, whereby small cells are able to self-organize based on local information and optimize their
transmission strategies (i.e., power/frequency) based on minimum information exchange [9]. This
leads to a number of tradeoffs in terms of faster/slower convergence at the cost of partial/full
information. Carrier aggregation (CA) and its single/multiflow enhancements have also been
investigated as a means of further boosting network capacity and per-user throughput, in which
users may be served on several bands simultaneously [10]. Furthermore, with the increasing
traffic asymmetry in the uplink (UL) as compared to the downlink (DL), novel cell association
mechanisms and architectures are needed to cope with new types of inter-node interferences
(DL-to-UL), thereby opening new avenues for research such as flexible DL/UL communication,
massive multiple-input multiple-output (MIMO), device-to-device (D2D), full-duplexing, etc. [3]
[11]. Finally, the topic of LTE and Wi-Fi coexistence has received tremendous attention due to the
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multi-mode capability of small base stations (SBSs)1 and the possibility of using both licensed
and unlicensed bands. Therein, dynamic load balancing and traffic steering mechanisms have
been proposed leveraging the availability of Wi-Fi for best-effort services, traffic load, delay
tolerance, etc [12].
While small cell densification is clearly the way to go, a number of technical challenges
remain unsolved. Indeed, while small cell densification was shown to boost capacity, simply
adding small cells may turn out to be energy-inefficient [13]. In addition, backhaul optimization
and the optimal location of small cells represent one of the main limiting factors before a
full rollout of small cells takes place. The importance of the backhaul is further underscored
with the unabated proliferation of smartphones with the vast array of new wireless services
(i.e., multimedia streaming, web-browsing applications, etc.). As a result, novel approaches to
backhaul-aware small cell networking have been recently proposed in the literature [14] such
as how to optimally decouple control and data planes to make cells more adaptive to traffic
dynamics and network state while having a global view of the network, backhaul offloading
via smart edge caching [15]–[17], cloud radio access network (C-RAN) [18], software defined
networking (SDN) [19], resource/network virtualization, ultra-dense networks, massive MIMO,
etc. Among these approaches, in this chapter, we focus on proactive edge caching as a way of
dealing with backhaul offloading in SCNs, which is especially crucial in dense deployments.
Rest of this chapter is organized as follows. We give an introduction of cache-enabled proactive
SCNs in Section II. Our system model and corresponding problem formulation is presented in
Section III. The details of proactive caching at the SBSs and UTs are given in Sections IV and
V respectively and discussions of numerical results are carried out in the same sections. The
current directions of caching in wireless networks and relevant works are discussed in Section
VI. Finally, Section VII draws some conclusions and future work.
II. C ACHE -E NABLED P ROACTIVE S MALL C ELL N ETWORKS
Most of the existing studies in SCNs are so far based on the classical networking paradigm,
called as reactive, in which users’ content requests are served immediately or yielding outages
otherwise. In such a situation, sustaining peak traffic demands in these networks requires expensive high-speed backhaul, resulting in tremendous operational expenditures (OPEX). Given
1

The term "SBS" will be used interchangeably with "small cell" in this work.
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the fact that such a cost may not be affordable, a novel networking paradigm is clearly needed
for densely deployed SCNs. This can be done by exploiting recent advances in storage, contextawareness, social networking and D2D [17].
This novel network paradigm is proactive in the sense that the nodes at the edge of the network
(i.e., SBSs and UTs) predicts users’ context information and pre-store intelligently strategic
contents, in order offload the backaul and satisfy users’ quality-of-service (QoS). This goes
beyond the scope of traditional cellular networks which they have been designed assuming dumb
UTs with limited storage and processing features. Nowadays, UTs are much more sophisticated
than before, giving the opportunity to exploit their capabilities in conjunction with SCNs by
storing the predicted content at the network edge. This in turn yields significant gains in terms
of network resources, minimizing operational and capital expenditures [3].
The fact that the huge amount of users’ information is often available and the human behaviour
has a certain predictability [20], users’ future events can be inferred. Therefore, in this chapter,
we explore such a proactive caching framework by leveraging context-awareness and storage
capabilities at the edge of the network in order to sustain peak data demands and offload
the backhaul. More precisely, estimating users’ future demands and content popularity can
be used to proactively store the content before the actual requests take place. In addition,
whenever a D2D communication is available, the proactive caching approach exploits users’
social relationships (and their influence within the social community), as well as users’ storage
for content dissemination and physical proximity.
As stated before, recent results have shown that the human behaviour is correlated and
predictable to a large extent [20]. Therefore, SBSs are assumed to be equipped with storage
units and the low-speed backhaul is used for their broadband connections. Then, as will be
shown, proactively caching users’ content at SBSs alleviates the backhaul load and incurs higher
users’ satisfaction. The proactive caching procedure is based on the idea of storing the popular
content at the SBSs. To achieve this, the popularity of the content has to be estimated. Using
tools from machine learning and analysing the infrastructure logs (such as in [21]), a trove of
hidden information about users’ behaviour can be revealed. Analysing these traces falls into the
big data phenomenon where collaborative filtering (CF) methods can be successfully applied for
inference.
Yet another approach for bringing contents at the edge of the network is via caching at the
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users’ devices, and leveraging D2D communications for content dissemination. Online social
networks (Facebook, Twitter, Digg) have become instrumental in disseminating various contents
across social communities [2]. Typically, users tend to value highly recommended contents by
their friends or people with similar interests. Thus, exploiting users’ social relationships, and
proactively storing the content in users’ devices can alleviate peak traffic demands. Notably, the
strategic contents in the caches of popular/influential users can ease backhaul congestion and
yield considerable network savings. In order to show such network savings, we first detail our
system model in the following section.
III. S YSTEM M ODEL
Let us consider a scenario that consists of M SBSs M = {1, ..., M } and N UTs N =
{1, ..., N }. The broadband connection of every SBS m ∈ M is provided by a central scheduler
(CS) via a limited backhaul link with capacity cm .2 We suppose that the capacity of the wireless
small cell link between SBS m and UT n is given by cm,n . Depending on the content availability
and users’ proximity, the SBSs can establish D2D communications between users n and n0 ,
whereas the corresponding D2D link capacity is denoted by c̈n,n0 . This scenario is illustrated
in Fig. 1. Suppose that user n requests a content from a library of F contents, represented by
F = {1, ..., F }, according to probabilities Pn = {pn,1 , ..., pn,F }. In this library, the length of
contents are L = {l1 , ..., lF } and the bitrate are given by set of B = {b1 , ..., bF }. Now, suppose
that R number of content requests are drawn by users randomly during T time slots. Then, we
say that a request r ∈ R = {1, ..., R} is satisfied if the rate of delivery is equal or greater than
the bitrate of the requested content as follows:
t0r

lr
≥ br ,
− tr

(1)

where lr ∈ L represent the length of the requested content, tr (t0r ) is the start (end) time of the
delivery, and br ∈ B is the bitrate of the content fr ∈ F. Given this definition, the satisfaction
ratio can be expressed as:
1X
η(R) =
1
R r∈R
2




lr
≥ br ,
t0r − tr

(2)

This controller is typically a network entity located at the evolved packet core (EPC) or at the network edge (small cell

gateway)
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Figure 1: A sketch of the scenario given in the system model. A central scheduler is in charge of
providing broadband connection to M SBSs via backhaul links. Depending on the users’ content
availability in the caches of SBSs and UTs, the SBSs serve their user either via wireless small
cell links or D2D communications.

where 1 {...} is the indicator function which yields 1 when the condition holds and 0 otherwise.
Our target as the network operator is to keep the satisfaction ratio above a threshold, while
minimizing the usage of the backhaul. As stated before, this can be done via proactive caching
in SBSs and UTs, in which we detail these two case studies separately in the following sections.
IV. P ROACTIVE C ACHING AT BASE S TATIONS
Results have shown that the backhaul constitutes one of the most important challenges for
SCN deployments and this is going to increase dramatically due to the densely deployed SBSs.
From this observation, suppose that the total capacity of the backhaul is lower than the available
P
P
P
wireless link capacity between SBSs and UTs, such as m∈M cm  m∈M n∈N cm,n . Since
in this case we suppose that the backhaul is the bottleneck, one reasonable option is to avoid
its usage by storing the users’ content proactively at the SBSs, during peak-off hours. In other
words, if the users’ content can be stored at SBSs before the users’ actual contents arrives, the
backhaul will not be used for a certain level, depending on on how smartly the content is placed.
Let us consider that the rate of the backhaul link during the content delivery for request r
at time t is λr (t). Then, the backhaul load under given these definitions can be expressed as
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follows:

0

t=t
1 X 1 Xr
λr (t).
ρ(R) =
R r∈R lr t=t

(3)

r

Additionally, suppose that the storage capacity of SBS m is given by sm and the amount of its
consumption at time t is denoted by κm (t). Hence, the backhaul minimization problem subject
to the link capacities, storage and QoS constraints can be formulated as follows:
minimize
0

ρ(R)

subject to

λr (t) ≤ cm ,

∀m ∈ M,

κm (t) ≤ sm ,

∀m ∈ M,

tr ,r∈R

(4)

η(R) ≥ ηmin ,

∀r ∈ R,

where ηmin is the target satisfaction ratio. Since dealing with (4) is computationally intractable, a
heuristic approach similar to the one in [22] can be performed by storing users’ popular content in
the cache of SBSs. Before such a caching procedure is applied, we suppose that each SBS m has
to track, learn and build its user’ content profile to infer their future demands. Assume that Pm is
the discrete content probabilities of users in SBS m in which we refer as popularity matrix, each
row representing the users and columns are content popularities/ratings. Indeed, a perfectly known
Pm could easily allow us to store the content according to this caching procedure. Unfortunately,
this situation in practice is not the case, in which the matrix is not perfectly known, large and
indeed sparse. Given these observations and inspired from the Netflix paradigm [23], supervised
machine learning tools can be used to exploit users-content correlations. Inferring the probability
that user n requests content f (namely estimating the popularity matrix), and storing the predicted
content accordingly can clearly offload the backhaul.
The proposed proactive caching procedure is composed of training and placement steps. The
first step is the training step in which each SBS m builds a model for the popularity matrix Pm
based on the available information. The estimation of Pm boils down to solving a least square
minimization problem as follows:
2
X
X
X 
2
rnf − r̂nf + λ
b2f ,
min
bn +
{bn ,bf }

n,f

n

(5)

f

where the sum is over the (n, f ) user/content pairs in the training set, containing how user n rated
content f (i.e., rnf ). The total number of users in the training set is N and F is the total number
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of contents, thus, the minimization is done over all the N + F parameters. In this formulation,
r̂nf = r̄ + bn + bf is the baseline estimator where bf is the relative quality of each content f
compared to the average r̄. The bias of each user n relative to bn is given by r̄. Additionally,
the parameter λ is used for balancing the regularization and fitting the training data.
In the numerical setup, we use the regularized singular value decomposition (SVD) due to its
numerical accuracy (see [24] for comprehensive study of CF methods). Roughly speaking, since
the entries of Pm are not fully known, the model construction is done via gradient descent by
using the least-squares property of the SVD. Thus, P̂m is constructed as the low rank version
of Pm .
So far, we have described the first step. In the last step (namely, the placement step of the
caching procedure), the content is cached proactively by storing the most popular content based
on the estimation of P̂m , until the storage capacity is fulfilled. In the following, we show the
gains of proactive caching in a numerical setup and discuss the impact of various parameters of
interest. A sketch of the proactive caching procedure at the base stations is summarized in Fig.
2.
A. Numerical Results and Discussions
The list of parameters used in the numerical study is provided in Table I. In order to see the
impact of the parameters of interest, the length and bitrate of the content, wireless small cell
links and storage capacities are set to the identical values. We consider three regimes of interest:
(i) low load, (ii) medium load, and (iii) high load.
In the numerical study, R number of requests are drawn over a time duration T , given the
fact that the arrival times of these requests are sampled uniformly at random. The users’ content
requests are drawn from the ZipF(α) distribution. Given that knowledge, at t = 0, the perfect
popularity matrix Pm is constructed for each SBS m. Removing 20% of the entries of this
matrix uniformly at random, the remaining entries are used for the model construction in CF.
The prediction of missing entries are then carried out by the regularized SVD [25]. Once the
popularity matrix is estimated, the proactive caching is applied by greedily storing the most
popular content subject to the storage size of the SBS. In the numerical setup, afer completing the
training and placement steps of the proactive procedure at t = 0, the users’ are served depending
on their request arrival time until all content delivery processes finish. We use random caching
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cache-enabled small cell

3) store most popular contents
for a given storage
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matrix via CF tools

small cell
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(if the requested contents
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1) collect users’ content ratings
during the peak hours

small cell
link
user
terminal

Figure 2: A practical procedure for proactive caching at the base stations.

as a baseline referred to as reactive.
In order to compare the benefits of caching both for proactive and reactive cases, three
parameters of interest are detailed: (i) number of requests R, (ii) total cache size S, and (iii)
ZipF distribution parameter α. The gains in the plots are normalized for ease of understanding.
The evolution of the satisfaction ratios and the backhaul loads with respect to the variation of
these parameters are given in Fig. 3.
In the figures, we see that the satisfaction ratio decreases as the number of users’ content
requests increases. The reason is somewhat obvious as the capacity constraints starts to be
limiting factor for the delivery of high amount of requests. Concerning the backhaul load in
very small number of requests, the reactive approach is generating less load compared to the
proactive case which can be explained by cold start phenomenon of the CF used in the proactive
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Parameter

Value

T

Time slots

M

Number of SBSs

4

N

Number of UTs

32

F

Number of contents

128

lf

Length of content f

1 Mbit

bf

Bitrate of content f

1 Mbit/s

Total backhaul link capacity

2 Mbit/s

Total wireless small cell link capacity

64 Mbit/s

R

Number of requests

0 ∼ 2048

S

Total cache size

0 ∼ lf × F

α

ZipF parameter

0∼2

P

cm

m

P P
m

Description

n

cm,n

1024 seconds

Table I: The numerical setup parameters for proactive caching at the SBSs.

case. However, as the number of request increases, the amount of information given to the CF
for training step increases. Therefore, in the end, the proactive approach with sufficient amount
of information outperform the reactive approach with an almost constant gain.
One important parameter of interest in our scenario is the total storage size of SBSs. As
we increase the storage, the SBSs gains more capability to store the content from the catalog,
yielding the satisfaction ratio up to 1 and backhal load up to 0 in the extreme values of the storage
size. Looking at more practical situations in which the storage size is somewhere between 0 and
1, we see that the proactive approach outperforms the reactive case in terms of the satisfaction
ratio as well as the backhaul load.
The content popularity parameter α indeed has an impact on the performance metrics. In
the low values of α where the distribution follows a uniform behaviour, the proactive approach
outperforms the reactive case with a relatively low difference. However, as the α increases, a
few amount of content become highly popular than the rest of the content in the catalog. Thus,
the difference between the gain of proactive and reactive approaches become quite visible in
terms of the satisfaction ratio and the backhaul load.
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Figure 3: Backhaul Offloading via Proactive Caching: Dynamics of the satisfied requests and
backhaul load with respect to the number of requests, total cache size and ZipF parameter.

V. P ROACTIVE C ACHING AT U SER T ERMINALS
Yet another mean of offloading the traffic at SBSs (thus, offloading the backhaul as a consequence) can be achieved by caching users’ content at the UTs and exploiting D2D communications for content dissemination. For this purpose, the interplay between users’ social ties and
physical proximity can be taken into account for proactive caching decision. In particular, when
a content request arrives to the network, the SBS can take benefit of the influential users who
have the content, requesting them to join the content delivery via D2D opportunities. If such a
opportunity does not exist and the requested content is not available, as a last resort, the content
can be delivered by the SBS but with the cost of using the backhaul.
Let us consider that the storage capacity of UT n is s̈n and its usage at time t is given by
κ̈(t). Also suppose that λ̇r (t) is the total rate of the SBSs during the content delivery of request
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r at time t and the D2D link rate is λ̈r (t). Then, small cell load can be expressed as follows:
t=t0

1 X Xr
λ̇r (t)
ρ̈(R) =
.
R r∈R t=t λ̇r (t) + λ̈r (t)

(6)

r

Given that definition and using a formulation similar to (4), the D2D caching optimization
problem can be written as:
minimize
0

ρ̈(R)

subject to

λ̇r (t) ≤ cm,n ,

∀m ∈ M, ∀n ∈ N ,

λ̈r (t) ≤ c̈n,n0 ,

∀(n, n0 ) ∈ N ,

tr ,r∈R

(7)

κ̈n (t) ≤ s̈n ,

∀n ∈ N ,

η(R) ≥ ηmin

∀r ∈ R.

According to our scenario, the first step for solving (7) is to infer the set of influential users.
This, as mentioned before, is done via the notion of centrality metric [26]. In general, the
centrality measures is used to quantify the social influence of a node in the network and also
related to how the node is well connected. A node with higher value of this measure in turns
means that such a node is more central (thus influential) than the nodes who have lower values
of this measure. Several definition of centrality metrics exist on literature [26], whereas we only
focus on the eigenvector centrality for exposition. Let G = (N , E) be the social graph which
consists of N nodes/users, where N represents the set of nodes and E is set of the links between
them. We now that, the graph G can be represented by its adjacency (or D2D connectivity) matrix
AN ×N , where the entry an,n0 , n, n0 = 1, ..., N is 1 if link (or edge) c̈n,n0 exists, or 0 otherwise.
For this matrix, let the eigenvalues to be represented by λ1 ≥ ... ≥ λN in decreasing order,
and the corresponding eigenvectors of these eigenvalues be given by v1 , ...vN . The eigenvectorcentrality in this case is basically the eigenvector v1 that has the largest eigenvalue λ1 . Knowing
K-most influential users of the social network via notion of centrality, a clustering method (i.e.,
K-means [27]) can be then formed around the users for community formation.
Once the set of influential users is identified and their communities are formed, the next
step is to analyze the content dissemination within each social community. By doing so, the
critical content of each community can be stored in the cache of influential users. To show this,
suppose that there is a set number of available contents, denoted by F = F0 + Fh , where Fh is
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the set of contents with viewing history and F0 represents the set of contents without history.
We further assume that each user is interested to only one type of available contents F. Let
πf be the probability that content f is chosen by a given user, and as a prior [28], assume
that the distribution follows a Beta distribution [28]. Then, the selection of user n given as the
conjugate probability of the Beta distribution has a Bernoulli distribution. This in turn shows
that the resulting user-content partition is analogous to that of the Chinese restaurant process
(CRP) [28]. The CRP is a metaphor in which the objects are customers in a restaurant, and
the classes are represented by the tables which the customers sit. More precisely, in CRP, there
exist a restaurant with a large number of tables, each with infinite number of sets, and customers
arrive sequentially each of them choosing a table at random.
In the CRP with concentration parameter β, each customer decides to occupy a table with a
probability proportional to the number of occupiers of that table, and chooses the next available
table with proportional to the parameter β. Being more specific, the first customer selects the
first table with probability
1
,
1+β

β
β

= 1. The second customer selects the first table with probability

and the second table with probability

β
.
1+β

Once the second customer selects the table, in

the next, the third customer selects the first table with probability
probability

1
2+β

and the third table with probability

β
.
2+β

1
,
2+β

the second table with

This selection process continues until

all customers have seats, yielding a distribution over allocation of customers to tables. In this
process, the decision of subsequent customers are affected by the feedback of previous customers,
where customers learn the previous selections to update their beliefs and probabilities in which
they select the tables.
From this point, the behaviour of the content dissemination in the social network is similar
to the table selection in an CRP. Looking to the social network as a Chinese restaurant, the
contents as the large number of tables and the users as the customers, we can model the content
dissemination process by an CRP. This means that, within each social community, users intend to
request the sought-after content sequentially, and once a content is downloaded, a hit is recorded
(i.e., history). This, in turn, changes the probability that this content will be requested by others
within the same social community, where popular contents will be requested more frequently and
new contents less frequently. Suppose a random binary matrix ZN ×F , indicating the selection
of contents by users, where znf = 1 if user n chooses content f and 0 otherwise. Then, we can
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at influential users’ devices
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social network
overlay

D2D link

5) join to content delivery via D2D
(if the requested content is found nearby)

Figure 4: A practical procedure for proactive caching at the user terminals.

show that [28]:

0

0
F
β F Γ(β) Y
(mf − 1)!
P (Z) =
Γ(β + N ) f =1

(8)

where Γ(.) is the Gamma function [29], mf is the number of users already assigned to content
f (i.e., viewing history) and F 0 is the number of partitions with mf > 0. Therefore, for a given
P (Z), the popular contents of each community can be stored inside the cache of influential
users. A sketch of the proactive caching procedure at the user terminals is summarized in Fig.
4.
A. Numerical Results and Discussions
In the numerical setup, for similar purposes as in the previous section, the wireless link
capacities are assumed to be equal among the users. The total D2D link capacity of each user
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is shared among the number of social links. The list of parameters are given in Table II.
Parameter

Description

Value

T

Time slots

M

Number of SBSs

4

K

Number of communities

3

N

Number of UTs

32

F

Number of contents

128

lf

Length of content f

1 Mbit

bf
P P

Bitrate of content f

1 Mbit/s

Total SBSs link capacity

32 Mbit/s

Total D2D link capacity

64 Mbit/s

R

Number of requests

0 ∼ 9464

S

Total D2D cache size

β

CRP concentration parameter

m

n

P P
n

cm,n

n0 ,n0 6=n

c̈n,n0

1024 seconds

0 ∼ lf × F
0 ∼ 100

Table II: The numerical setup parameters for proactive caching at the UTs

Starting from t = 0, request arrival times are drawn uniformly at random until the time T . The
social network is constructed by using the preferential attachment model [30]. As states before,
the eigenvector centrality is used to quantize the influential users in the social network, then, Kmost influential are formed into K communities via K-means clustering [27]. In each community,
the content popularity distribution is sampled from the CRP(β). Given the content popularity,
the proactive caching is done by storing the popular files greedily inside the influential users
until no storage space remains. Similar to the case study in previous section, random caching is
used as a baseline.
Parameters of interests in this case are: (i) number of requests R, (ii) total D2D cache size S,
and (iii) CRP concentration parameter β. The results are normalized for ease of understanding.
The impact of parameter of interests on the satisfaction ratio and small cell load are given in
Fig. 5.
In the figure, increasing the number of requests, we see that the satisfaction ratio decreases
rapidly and the small cell load decreases at a low pace. The gains of proactive caching approach
are higher than the reactive approach in all regimes.
When an increment of D2D size is the case, we observe an increment in the satisfaction ratio
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High load

S

0.4

0.2

0.1

R

0.5

0.8

0.98

R

0.5

0.8

0.98

β

0.1

0.5

0.9

β

0.1

0.5

0.9

S

0.4

0.2

0.1

Proactive (Low load)

Proactive (Medium load)

Proactive (High load)

Reactive (Low load)

Reactive (Medium load)

Reactive (High load)

Figure 5: Social-Aware Caching via D2D: Dynamics of the satisfied requests and small cell load
with respect to the number of requests, total cache size and CRP concentration parameter β.

and decrement in the small cell load. Even though both proactive and reactive cases have the
gains, the proactive approach has more desirable performance compared to the reactive approach.
The concentration parameter β has also an impact on the performance. When β increases (i.e.,
the number of distinct contents grows), the satisfaction ratio and the small cell loads tends to be
almost constant in the reactive approach. On the other hand, as β increases, the satisfaction ratio
in the proactive approach decreases and the small cell increases. The performance gap between
the proactive and reactive approaches gets closer and closer as β increases. This is due to the
facts that the contents catalog size is growing while UTs having a limited cache size.
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VI. R ELATED W ORK AND R ESEARCH D IRECTIONS
In this work, we have highlighted the proactive caching framework given in [17]. Indeed, the
idea of caching goes back to the sixties in the context of algorithm design in operating systems
[31]. According to [31], the optimal content removing strategy in the case of new content
arrival is to evict the content from the memory which is not going to be requested in the near
future. Beside this line of work, there has been also extensive studies on web caching schemes
in the past decades, aiming to improve the scalability of world wide web and offloading the
network, by caching content in the proxy servers and/or intermediate nodes of the network (see
[32] for a brief literature). Numerous caching algorithms for content delivery network (CDN)
have emerged in the recent years [33], allowing content providers to reduce access delays to
the requested contents. Conceptually, there exist also information-centric networks (ICNs) which
aims to change the way of accessing the content on the internet, by uniquely naming the contents
and smartly distribute these across the network, rather than traditionally having one source for
the content access [34] (see also [35] for a recent survey). Beside these line of works, the caching
problem as a way of offloading the wireless communications infrastructure is recent. Similar to
what we have presented here, the growing literature is mostly based on caching at the edge of
network. In the following, we summarize some of these works based on their similarities and
directions.
A. Proactive Caching and Content Popularity Estimation
Proactive caching in SCNs with perfect knowledge of the content popularity is given in [22]. In
[17], exploiting context-awareness, social networks, D2D communications, the proactive caching
approaches for SCNs are studied both at the SBSs and UTs, showing that several gains are
possible under the given numerical setup. Therein, instead of perfect knowledge of the content
popularity, an estimation is done via machine learning tools (the CF in particular), by exploiting
correlations of human behaviour on their preferences. Thus, having such an estimation, the
caching decision is applied more efficiently, yielding better performance in terms of the users’
satisfaction and offloading of the network. On the other hand, a well-known problem in the CF
literature is the cold-start problem which can occur in the case of estimation with very few amount
of information. Therefore, to boost the content popularity estimation, one approach harnessing
the machine learning literature is transfer learning, based on the idea of smartly transferring
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information from a target domain to a source domain (see [36] for a survey). Inspired from
this, a preliminary study on transfer learning for caching in SCNs is conducted in [37]. Even
though it has naturally its own challenges (i.e., negative transfer), it is shown in [38] that the
content popularity estimation via CF can be improved by this approach. Further investigations are
needed to combine this approach with the proactive caching in SCNs. Additionally, in the context
of proactive caching, the centrality measures for the content placement are exploited in [39].
Therein, a simple content dissemination process is introduced and the preliminary performance
results of this centrality-based content placement methods are given via numerical simulations.
Alternative to these proactive approaches, a game theoretical formulation of the proactive caching
problem as a many-to-many matching game is introduced in [40]. A matching algorithm that
reaches a pairwise stable outcome is provided for the caching problem, showing that the number
of satisfied requests can be reach up to three times the satisfaction of a random caching policy.
B. Approximation Algorithms
The idea of femtocaching is given in [16], in which the SBSs (helpers) with low-rate backhaul
but high storage units are in charge of delivering the content to the users via short-range
transmissions. The analysis is carried out both for coded and uncoded cases, showing that the
optimum content assignment is NP-hard, whereas the coded case is formulated as a convex
problem that further can be reduced to a linear program. A greedy algorithm for coded case
and numerical results are provided, showing that video throughput can be improved by a factor
3 − 5 in realistic settings. Extensions to this work, including D2D case, is given in [41], [42].
Alternatively, a multicast aware caching problem is formulated in [43] and a heuristic algorithm
is provided for that purpose, showing that servicing cost can be reduced down to 52% compared
to the multicast-agnostic case case.
Optimal content placement in a SBS with limited backhaul capacity is also studied in [44],
showing that the problem can be reduced to a knapsack problem when the content popularity
distribution is known. Assuming that the content popularity distribution is not known in advance,
the problem is formulated as a multi-armed band (MAB) problem so that the content popularity
distribution can be learned online and content placement can be done. Three different caching
algorithm is provided to show the exploration vs. exploitation trade-offs of this problem. As an
extension, a derivation of regret bounds and more extensive analysis of the algorithms through
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numerical simulations are presented in [45]. Additionally, a distributed caching model with
multiple SBS is given in [46] in the framework of MAB problem, showing that coded caching
can outperform the uncoded case. Beside MAB approaches, an approximation framework based
on the facility location problem is given in [47]. Also, for a given traffic demand, a distributed
caching algorithm based on Alternating Direction Method of Multipliers (ADMM) is presented
in [48].
C. Coded Caching Gains
Information-theoretic formulation of the caching problem is studied by [49]. Therein, local
and global caching gains, which depend on the available memory of each user and cumulative
memory of all users respectively, are derived based on a coded caching scheme. The proposed
scheme consists of placement and delivery phases (i) is given for a centralized setup where
the content placement is handled by a central server, (ii) is essentially offline as there is no
content placement during the delivery phase, (iii) is shown to outperform conventional uncoded
schemes under uniform content popularities, and (iv) works in a single shared link instead of
more general networks. These results are then extended to non-uniform content popularities in
[50], [51], non-uniform cache access in [52], heterogeneous cache sizes in [53], online caching
systems in [54], hierarchical caching networks in [55] and multi-server case in [56]. Moreover,
the improved bounds are given in [57], [58], delay-sensitive content case is studied in [59] and
the information-theoretic security aspects are shown in [60]. With similar line to these works, a
decentralized approach for D2D networks with random coded caching is studied in [61], [62] in
terms of scaling laws where a protocol channel model similar to [63] is taken into account. In the
same vein, the performance of decentralized random caching placement with a coded delivery
scheme is given in [64], [65], where the expected rate is characterized for random demands with
Zipf popularity distribution.
In the context of distributed storage systems and coding, the performance of simple caching,
replication and regenerating codes is studied in a D2D scenario in [66], in which a simple decision
rule for choosing simple caching and replication is derived for minimizing the expected total cost
in terms of energy consumption. On the other hand, the study of the physical layer functionality of
wireless distributed storage systems is given in [67] from point of space-time storage codes. Based
on that work, a wireless storage system that communicates over a fading channel is studied in
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[68] and a novel protocol for the transmission is proposed based on algebraic space-time codes, in
order to improve the system reliability while keeping the decoding at a feasible level. It is shown
that the proposed protocol performs better than the simple time-division multiple access (TDMA)
protocol and falls behind the optimal diversity-multiplexing gain tradeoff (DMT). Alternatively,
a triangular network coding approach for cache content placement is presented in [69], in which
the uncoded content placement and the triangular network coding strategies are compared in a
numerical setup. Additionally, a coded caching scheme over wireless fading channel is presented
in [70], whereas [71] casts the caching problem into a multi-terminal source coding problem
with side information.
D. Joint Designs
In terms of joint designs, a two time-scale joint optimization of power and cache control is
given in [72] for cache-enabled opportunistic cooperative MIMO. First, for the short time scales,
the closed-form expressions for the power control is derived from an approximated Bellman
equation. Then, for the long time scales, the caching problem is translated into a convex stochastic
optimization problem and a stochastic subgradient algorithm is provided for its solution. The
proposed solution is shown to be asymptotically optimal for high signal-to-noise ratio (SNR)
whereas its comparison with baseline approaches are done via simulations. Another mixed timescale solution for cooperative MIMO is given in [73]. Therein, in order to minimize the transmit
power under the QoS constraint, the MIMO precoding is optimized in the short time scale and
cache control is done in the long time scale. Additional to these approaches, the joint optimization
of cache control and playback buffer management for video streaming is given in [74]. The joint
caching and beamforming for backhaul limited caching networks is studied in [75], and finally
the joint caching and interference alignment (IA) in MIMO interference channel under limited
backhaul capacity is presented in [76].
E. Mobility
Mobility aspects of coded content delivery is analyzed in [77] based on a discrete-time Markov
chain model. In order to minimize the probability of using the main base station in this model,
a distributed approximation algorithm based on large deviation inequalities is introduced and
numerical experiments on a real world dataset are conducted for the proposed algorithm. Another
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caching scheme that exploits users’ mobility is given in [78], in which the influence of the system
parameters on the delay gains are investigated via the system level simulations. The works in
[79] and [80] also consider the impact of mobility in cache-enabled networks.
F. Energy Consumption
Energy consumption aspects of caching both in terms of area power consumption and energy efficiency are investigated in [81]. Therein, the cache-enabled base stations are distributed
according to a homogeneous Poisson point process (PPP) and the optimization is done using
a detailed power model. On the other hand, energy harvesting aspects of proactive caching is
highlighted in [82], and an effective push mechanism for energy harvesting powered small-cell
base stations is proposed in [83]. Also, a joint caching and base station activation for green
cellular networks is proposed in [84].
G. Deployment Aspects
Concerning the deployment aspects of cache-enabled SBSs with limited backhaul, a study
is given in [85]. In that study, the cache-enabled SBSs are stochastically distributed for the
analysis rather than the traditional grid models. The expressions for the outage probability and
average content delivery rate are derived as a function of the SINR, SBSs intensity, target
content bitrate, cache size and shape of content popularity distribution. Following the work in
[85], the results in [86] shows that storing the most popular contents is beneficial only in some
particular deployment scenarios. On the other hand, for cache-enabled D2D communications,
another stochastic framework is shown in [87], by relying on two performance metrics that
quantify the local and global fraction of served content requests. Yet another study for the
stochastically distributed cache-enabled nodes is given in [88]. Given the fact that the cost is
defined as a function of distance, the expected cost of obtaining the complete content under
coded as well as uncoded content allocation strategies is investigated. As an extension to [88],
the expected deployment cost of caches vs. the expected content retrieval from the caches is
analyzed in [89].
VII. C ONCLUSIONS
In this chapter, we discussed the current advances in SCNs and proposed a novel proactive
network paradigm based on caching at the edge of the network. Using tools from machine
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learning, we exploited users’ predictable behaviour and their social relationships for caching at the
edge of the network. Our approach showed that peak mobile traffic demands can be significantly
minimized, yielding backhaul offloadings and resource savings. According to our findings and
the growing literature, caching is seen as a disruptive solution for 5G SCNs. An interesting
direction of the work presented here would be the estimation of content popularity when the
time and spatial dynamics of mobile users are involved. This clearly requires the development
of novel algorithms and machine learning tools which can infer the content popularity patterns
from available data. Additionally, the benefits of caching in complex network structures (i.e.,
hierarchical networks, multi-hop networks, heterogeneous networks, combination of them, etc.)
could be investigated while considering network constraints and physical-layer aspects. On the
other hand, adaptive proactive caching schemes which can predict users’ behaviour online and
cache the contents accordingly are still in infancy, and in this regard, establishing trade-offs
between the feedback overhead and possible performance gains would be interesting. Also, joint
designs (i.e., caching and scheduling, network/index coding aided caching, etc.) is yet another
direction to reveal. On top of these, experimental test-beds would allow network operators to
see the practical gains for cache-enabled 5G SCNs.
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[85] E. Baştuğ, M. Bennis, M. Kountouris, and M. Debbah, “Cache-enabled small cell networks: Modeling and tradeoffs,”
EURASIP Journal on Wireless Communications and Networking, no. 1, p. 41, February 2015.
[86] B. Blaszczyszyn and A. Giovanidis, “Optimal geographic caching in cellular networks,” arXiv preprint: 1409.7626, 2014.
[87] A. Altieri, P. Piantanida, L. R. Vega, and C. Galarza, “On fundamental trade-offs of device-to-device communications in
large wireless networks,” arXiv preprint arXiv:1405.2295, 2014.
[88] E. Altman, K. Avrachenkov, and J. Goseling, “Coding for caches in the plane,” arXiv preprint arXiv:1309.0604, 2013.
[89] M. Mitici, J. Goseling, M. de Graaf, and R. J. Boucherie, “Deployment vs. data retrieval costs for caches in the plane,”
Enschede, the Netherlands, December 2013. [Online]. Available: http://doc.utwente.nl/88064/

April 13, 2015

DRAFT

