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Abstract—A promising solution to alleviate the mobile traffic
burden on the Internet is to cache the most popular content
at the heterogeneous wireless network edge. However, due to
the vast content stored at the remote server, and to cache
effectively, it concerns the file popularity profile that may not be
known by the network operators in advance. Therefore, online
learning techniques are used to tackle the challenges brought by
the unknown knowledge. We present an effective and efficient
algorithm based on the stochastic combinatorial multi-armed
bandits with locked-up slots to address the content caching
problem. Our work particularly addresses the scenario where
dense small cells with diverse user populations are deployed.
Additionally, this network is only given limited external resources
such as computational resource to learn the caching policies and
wireless backhaul resource to refresh the caches. Our algorithm
learns the caching policies online which is to decide which files
to be cached sequentially. Despite sharing the limited external
resources, the proposed algorithm guarantees the performance
of each small cell to approach the optimum. Experiments are
conducted to cross-validate the theorem presented in this work.

Index Terms—Cellular Content Caching, Multi-armed Bandits.

I. INTRODUCTION

A growing number of wireless devices are being connected
to the Internet such as smart phones, tablets, and laptops, and
with the advent of Internet of Things (IoT), this number is
expected to surge in the near future [1]. Additionally, Cisco
points out mobile data traffic has been continuously increasing
over the past few years, and it is predicted to grow almost
sevenfold by 2021 [2]. Consequently, a prohibitively high
network backbone bandwidth will be required to backhaul
all the resultant traffic [1]. Take the Netflix subscribers for
example, user statistics show heavy traffic bursts during the
holiday season, which imposes a sudden burden on the Internet
[3]. Whilst on the one hand, users do not want their Quality of
Service (QoS) to be impacted by such traffic bursts, network
operators on the other hand may not be able to incur the vast
investments necessary to guarantee the QoS. Therefore, how
to alleviate the heavy traffic burden imposed on the Internet
in a cost effective way is an urgent problem to be tackled.

One promising solution is to cache the most popular content
at the network edge, thereby bringing the content closer to the
end users [4]. In some of the prior works [5], [6], a Small-Cell
Base Station (SBS) is used to cache files. However, the cost to
deploy SBSs, particularly the dense deployment with a wired
backhaul, is significant to the network operators. Instead, a
cost-effective way is to deploy them with a wireless backhaul,

which is also more flexible to manage. Additionally, due to the
vast files stored at the remote server and the limited size of the
cache, we need to decide which files to be cached carefully.
Typically, the selection of the to-be-cached files is termed as
the content caching problem, and the decision of the selected
files is termed as the caching policy. To cache effectively, one
of the most commonly used indicators is the content popularity
profile which describes the request probability towards each
content. Basically, the more popular the content is, the higher
probability the user requests it.

The existing works [4]–[6] addressed the content caching
problems assuming a priori knowledge of the content popular-
ity profile. However, this assumption may never be practical as
users themselves may not know it, not to mention the network
operators. Some other works [7]–[11] dealt with more practical
cases where a priori knowledge was not assumed but online
learning techniques were used to learn the caching policies
sequentially. The key idea is to keep the users informed of
what has been cached already and then observe whether the
cached files are requested by the users or not. They only
investigated the performance in a single small-cell scenario.
However, practically dense small cells are often deployed
to maximize the coverage and the spectrum utilization, and
typically different small cell serves different user population.
Therefore, we are motivated to address the content caching
problem in dense small-cell networks with a diverse user
population. Additionally, we make a more practical assumption
that all small cells share the limited external resources such
as computational resource to learn the caching policies and
wireless backhaul resource to refresh the caches.

To achieve the aforementioned goals, we take a similar
approach to the existing works [7]–[9] that formulated the
content caching problem as a stochastic combinatorial multi-
armed bandit (MAB) problem, i.e., the content popularity pro-
file are independent and identically distributed (i.i.d.) from un-
known distributions. However, to tackle the challenge brought
by the limited external resources, we additionally introduce
the concept of locked-up slots in the classic stochastic com-
binatorial MAB problem, which is inspired by [12].

To the best of our knowledge, it is the first work that content
caching problem is formulated as a stochastic combinatorial
MAB problem with locked-up slots. The following summa-
rizes the key contributions in this paper. (i) We formulate the
content caching problem in dense small-cell networks with
limited external resources and a diverse user population as a
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stochastic combinatorial MAB problem with locked-up slots.
(ii) We propose a novel online algorithm called Aggregated
Upper Confidence Bound with Locked-Up Slots (LA-UCB)
to solve the aforementioned problem. (iii) We derive a sub-
linear regret and analyze the external resource required of LA-
UCB to show the effectiveness and efficiency. (iv) We conduct
experiments to cross-validate the theoretical analysis.

The remainder of the paper is organized as follows. In
Section II, we present system model and problem formulation.
In Section III, we present a novel online algorithm LA-
UCB, and analyze the regret and external resources required.
In Section IV, we conduct experiments to cross-validate the
theoretical analysis presented. Section V concludes the paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this paper, we focus on a heterogeneous network with
dense small cells deployed within the coverage area of a macro
cell. Each SBS works independently and has a cache entity to
store files while the Macro-Cell Base Station (MBS) has a
learning entity to learn caching policies, fetch corresponding
files from the remote server, and refresh the caches. We assume
there is a wireless backhaul between MBS and SBS, and no
direct communications among SBSs. Additionally, we further
assume there is no learning capability at SBSs due to the
limited computational resource.

Set K collects all the small cells and k indicates the k-
th element in K. Set Uk collects all the users covered by
the k-th small cell and i(k) indicates the i-th element in Uk.
Set Fk collects all the files that are potentially requested by
Uk and j(k) indicates the j-th element in Fk. Without loss of
generality, the size of all files in Fk is assumed to be identical.
Event e(j(k), i(k)) represents an independent Bernoulli event
that user i(k) 2 Uk requests file j(k) 2 Fk with success
probability p(j(k), i(k)). Set Ek = {e(j(k), i(k)) : j(k) 2
Fk, i

(k) 2 Uk} collects all the aforementioned events while
set Pk = {p(j(k), i(k)) : j(k) 2 Fk, i

(k) 2 Uk} collects all the
corresponding success probabilities. Let ck represent the cache
size at SBS k. Considering the fact that a caching policy is
to select ck files out of Fk, set Sk ✓ Fk represents the policy
played at SBS k. Define that if a user requests an already
cached file, we call a unit of reward is achieved due to caching.

To introduce the problem formulation, define rSk as the
reward, which is the expected number of reward units that can
be achieved when playing Sk. From the property of indepen-
dent Bernoulli event and the linearity of expectation, rSk only
depends on the corresponding success probabilities concerning
Sk and Uk, i.e., rSk =

P

j(k)2Sk

P

i(k)2Uk

p(j(k), i(k)). Therefore,

to find the best policy, we formulate it as optimization problem
(1) and use S⇤k to indicate the policy yielded by (1).

max

P

j(k)2Sk

P

i(k)2Uk

p(j(k), i(k)) ,

s.t. Sk ✓ Fk, |Sk| = ck .
(1)

From (1) it is worth to mention an important observation as
follows. Given k and j(k), the probability distribution of the
sum over all e(j(k), i(k)), 8i(k) 2 Uk forms a Poisson binomial

distribution with mean ✓j(k) equal to the sum over all the
corresponding success probabilities, which is

✓j(k) =

X

i(k)2Uk

p(j(k), i(k)) , (2)

and the finite bounded support {0, |Uk|} [13], [14]. Then by
applying (2) to (1), (1) could be simplified as

max

P

j(k)2Sk
✓j(k) ,

s.t. Sk ✓ Fk, |Sk| = ck .
(3)

If p(j(k), i(k)) were assumed a priori knowledge, it would be
trivial to solve since we can calculate ✓j(k) first and then input
it to an optimization problem solver. However, practically we
would never acquire all p(j(k), i(k)) perfectly, and thus online
learning techniques are used to cope with the unknown knowl-
edge. Additionally, due to the limited external resources, not
all the caching policies can be learned simultaneously or not
all the caches can be refreshed simultaneously. The external
resource limitation makes the problem more challenging.

In our model, time is divided into slots and the network
works in a discrete manner with slot index t = 1, 2, ..., T .
For the sake of simplicity, we assume MBS can only serve
one SBS in each t and uses a round robin approach to decide
which SBS to serve. Note that “serve” means MBS needs to
consume computational resource to learn the caching policy
and wireless backhaul resource to refresh the cache.

In each t, the following happens sequentially. (i) MBS
selects the to-be-served SBS in a round robin approach; (ii)
MBS learns the caching policy of the selected SBS; (iii) MBS
refreshes the cache based on the just learned policy; (iv) All
SBSs play the policies. Note that “play policy“ means SBS
broadcasts what has been cached to the users, users request
files, SBS serves the request, and SBS reports the observed
reward of each cached file to MBS.

Let Sk(t) indicate the to-be-played policy at t and m(t) 2 K
indicate the to-be-served SBS at t. Then Sm(t)(t) indicates the
policy that can be updated at t, and to find the best Sm(t)(t),
it can be formulated as

max

P

j(m(t))2Sm(t)(t)

ˆ✓j(m(t)),t�1 ,

s.t. Sm(t)(t) ✓ Fm(t), |Sm(t)(t)| = cm(t) ,
(4)

where ˆ✓j(m(t)),t�1 is the empirical mean observed at the end
of t � 1. Recall that true mean ✓j(m(t)) is not known in
advance, and thus we can only use the information observed
at the end of t � 1, the empirical mean ˆ✓j(m(t)),t�1, to find
the best Sm(t)(t). Note that Sm(t)(t) may deviate from S⇤m(t)
significantly since S⇤m(t) is obtained based on the true mean
✓j(m(t)) while Sm(t)(t) is obtained based on the empirical mean
up to t�1. In contrast, for all the remaining SBSs, Sk(t) cannot
be updated at t, i.e., Sk(t) = Sk(t� 1) for all k 2 K\m(t).

Remark 1. In our design, we choose to decouple the func-
tionalities of learning and fetching (by MBS), and caching (by
SBS). The benefit of the decoupling is to exploit the potential
time-space multiplexing gain. Practically, MBS can use an
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additional buffer to store the fetched files for a while. Since a
popular file for SBS 1 at t may also be a popular file for SBS
2 at t + 1, storing the file in a buffer eliminates the need to
fetch the same file again. Additionally, after the system reaches
stability, the policies learned in adjacent slots for a given SBS
do not vary too much over time. By using the additional buffer
at MBS, the cost to fetch files can be significantly reduced.

III. INTELLIGENT CACHING ALGORITHM

In this section, we will first introduce our proposed algo-
rithm: Aggregated Upper Confidence Bound with Locked-Up
Slots (LA-UCB), and then analyze the regret and the external
resources required of LA-UCB.

Before presenting LA-UCB, it is worth to mention, actually,
MBS does not simply use empirical mean ˆ✓j(m(t)),t�1 to find
the best Sm(t)(t) as it needs to make a trade-off between ex-
ploration (to estimate true mean) and exploitation (to achieve
the best instantaneous reward). Instead, it inputs ¯✓j(m(t)),t,
the Upper Confidence Bound (UCB) of ˆ✓j(m(t)),t�1, to the
problem solver. The UCB is computed based on (5) for all
j(m(t)) 2 Fm(t) [15].

¯✓j(m(t)),t =
ˆ✓j(m(t)),t�1 + |Um(t)|

s
2 · ln t

Tj(m(t)),t�1
, (5)

where Tj(m(t)),t�1 is the number of times file j(m(t)) has been
cached at the SBS m(t) at the end of t � 1. Basically, the
principle behind UCB is we always need to be optimistic in
face of uncertainty. More specifically, if the learned policy is
equal to S⇤m(t), SBS m(t) acts optimally at t. Whilst if Sm(t)(t)
is inferior to S⇤m(t), SBS m(t) can still learn some information
to guide to make fewer mistakes about the future policy.

Algorithm 1 describes LA-UCB in detail. For each k 2 K,
MBS uses two |Fk|⇥ 1 dimensional vectors to record the ob-
servations during the learning. The first vector Tj(k),t records
the number of times that file j(k) has been cached at the end
of t. The second vector ˆ✓j(k),t records the empirical mean after
j(k) has been cached Tj(k),t times. Initially, Sk(0) = ;, and
Tj(k),0 = 0 and ˆ✓j(k),0 = 0 for all j(k) 2 Fk. How to update
these two vectors are summarized in (6).

Tj(k),t =

⇢
Tj(k),t�1 + 1, j(k) 2 Sk(t)
Tj(k),t�1, j(k) /2 Sk(t)

,

ˆ✓j(k),t =
1

T
j(k),t

·
tP

s=1
Xj(k),s ,

(6)

where Xj(k),s is the observed reward of file j(k) at slot s. Note
that Xj(k),s = 0, if j(k) /2 Sk(s). This is due to the fact that
we can only observe the rewards of the already cached files.

Just like other UCB-based algorithms, LA-UCB also suffers
performance loss due to the unknown knowledge ✓j(k) , which
is termed as the regret. The regret describes the expected
cumulative performance gap between always playing S⇤k and
those yielded by LA-UCB. Additionally, the locked-up feature
makes the regret even higher due to the fact that if the policy
yielded by LA-UCB is inferior to S⇤k, this policy will continue
to being played in the next consecutive slots until a new policy

Algorithm 1 LA-UCB Algorithm
1: t 0

2: while t  T do
3: t t+ 1

4: MBS selects m(t) in a round robin approach.
5: MBS computes UCB ¯✓j(m(t)),t for all j(m(t)) 2 Fm(t).
6: To find the best Sm(t)(t), MBS solves problem (4) with

¯✓j(m(t)),t replacing ˆ✓j(m(t)),t�1 as the input.
7: MBS refreshes the cache of SBS m(t) based on the

new Sm(t)(t).
8: All SBSs play Sk(t).
9: MBS updates Tj(k),t and ˆ✓j(k),t, 8k 2 K based on (6).

10: end while

is yielded. Based on the explanation of the regret, given k, the
regret RT

k can be expressed as

RT
k = E

"
TX

t=1

�
rS⇤k � rSk(t)

�
#

, (7)

where rS⇤k is the reward achieved when playing S⇤k. We call rS⇤k
the optimum since playing S⇤k achieves the best performance.

To introduce the theorem, define ¯S⇤k as the complement of
S⇤k with respect to Fk, i.e., ¯S⇤k = Fk\S⇤k and �i(k),j(k) =

✓j(k)�✓i(k) as the loss of reward brought by caching i(k) 2 ¯S⇤k
instead of j(k) 2 S⇤k.

Theorem 1. Given k, the regret RT
k of LA-UCB is at most

P

i(k)2S̄⇤k
(

16|Uk|2 lnT
�

i(k),ck
(k)
� 8|Uk|2 lnT

�
i(k),1(k)

+

P

j(k)2S⇤k
|K|⇡

2+3
3 �i(k),j(k)),

where �i(k),1(k) and �i(k),ck(k) represent the maximum and the
minimum loss of the reward by caching i(k) 2 ¯S⇤k, respectively.

Due to the space limitation, the proof can be found in online
appendix [16]. Theorem 1 shows the effectiveness of LA-UCB
as the time-averaged regret will decay to zero. This tendency
implies the time-averaged reward can approach rS⇤k eventually.

Now we start analyzing the external resources required by
LA-UCB. Firstly, since exactly one SBS is served in each
slot, the total amount of computation needed for all SBSs to
learn the policies is still T . This means even if MBS increases
the number of the to-be-served SBSs, it does not increase the
total number of computation. Secondly, it is enough to reserve
the wireless backhaul resource that can refresh the largest
cache only. These two properties are particularly beneficial
for the dense small-cell networks where each SBS can be
activated or deactivated dynamically as we do not need to
vary these external resources along with the activation or
deactivation. Next, MBS can learn the policy efficiently since
it just needs to sort the UCBs and select the cm(t) highest-
ranked files to be cached. The time complexity to sort is
O
�
|Fm(t)| log(|Fm(t)|)

�
. Additionally, the memory resource

required to record the observations during the learning process
is linear in |Fk|. These two properties imply that user popula-
tion per small cell has no impact on the time complexity and
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Fig. 1. The time-averaged reward vs time (SBS 1 and SBS 5)

memory resource requirement. This is particularly beneficial
for the networks with a diverse population as we do not need
to purposely reserve more resources for the small cells having
denser populations.

IV. NUMERICAL RESULTS

We conduct experiments to cross-validate Theorem 1 and
use the time-averaged reward and regret as performance met-
rics. We use a dataset from MovieLens where 671 users
rated 8944 movies [17]. To reflect the dense deployment
with a diverse user population, we deploy 8 small cells and
distribute users per small cell biased with some having denser
population. Then we can get all Uk. To construct Fk, we take
the strategy that if one particular file has received at least one
rating from the users in Uk, we add this file into Fk. Let triplet
(k, |Uk|, |Fk|) be the parameters after construction. Then we
can get 8 triplets: (1, 20, 2462), (2, 20, 1090), (3, 45, 2879),
(4, 46, 2890), (5, 120, 5401), (6, 120,4209), (7, 150, 5266),
and (8, 150, 4827). We set T = 200, 000 and the cache size
ck = 0.25 ⇥ |Fk|. We compare LA-UCB with 4 reference
algorithms. The first one is the Optimum which always plays
S⇤k, 8k 2 K. The second one is the ✏-Greedy which with
probability ✏ selects cm(t) files out of Fm(t) randomly while
with probability 1 � ✏ selects the cm(t) highest-ranked files
based on empirical mean. We set ✏ = 0.25 in experiments.
The third one is the Myopic, a modified version of the Least
Recently Used and also a reference algorithm in [7], [10]. The
Myopic keeps all the requested files in last slot in the cache
while removing not requested files from the cache. Then the
empty space is filled by selecting files randomly until full. The
fourth one is the Random which selects files randomly.

Fig. 1 shows the time-averaged reward of SBS 1 (20 users)
and SBS 5 (120 users) while Fig. 2 shows the regret. The
reason why we present these two is they represent the typical
setting of a diverse user population, i.e., one SBS has denser
population. From the results we can see LA-UCB approaches
to the Optimum w.r.t. the time-averaged reward and increases
logarithmically at most w.r.t. the regret over time. These
observations cross-validate Theorem 1. In contrast, w.r.t. the
time-averaged reward, all the three sub-optimal algorithms can
only climb to some certain values and then stay there without
increasing too much over time anymore while w.r.t. the regret,
they increase linearly over time but at different rates.
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Fig. 2. The regret vs time (SBS 1 and SBS 5)

V. CONCLUSIONS

In this paper, we studied the content caching problem in
dense small-cell networks with limited external resources and
a diverse user population. We proposed a new algorithm LA-
UCB. The algorithm guaranteed the performance of each small
cell to approach the optimum even sharing the limited external
resources. It also allowed the diversity of user population. The
regret analysis and the external resources required of LA-UCB
were also given. Experiments confirmed the advantages of LA-
UCB and cross-validated the theoretical analysis of the regret.
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