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Abstract— Caching popular contents at the network edge has
been considered as a promising enabler to relieve the pressure
on networks due to the fact that a substantial portion of global
data traffic is repeatedly requested by many subscribers and thus
redundantly generated. Recommendation, on the other hand, has
attracted spiraling attention for its capability of reshaping users’
contents demand patterns. In this paper, we examine the practi-
cability of recommendation in boosting the gains of edge caching
with uncharted users’ feature information. To this end, we first
characterize the average system cost for a generic network model,
disclosing its dependence on the recommendation and caching
strategies. Then, we formulate the joint caching and recommen-
dation decision oriented cost minimization problem, taking the
constraints on each content provider’s cache capacity budget,
each individual user’s recommendation size and recommendation
quality into account. However, the implicit information regarding
users’ preference makes the problem inextricable. To address
this issue, a versatile long short term memory (LSTM) network
assisted prediction paradigm is proposed to attain the preference
schema of users with the assistance of their historical behavior
data. Based on that, we rigorously prove the NP-hardness of
obtaining the optimal recommendation and caching policies that
jointly minimize the system cost. Therewith, an iterative sub-
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optimal algorithm is developed, which has provable polynomial
time complexity and convergence guarantee. Extensive simulation
results validate the effectiveness of our proposed LSTM enabled
feature information prediction approach and the convergence
performance of the devised joint decision making methodology.
In addition, it is shown that the proposed scheme outperforms
numerous benchmarks significantly.

Index Terms— Edge caching, long short term memory (LSTM),
recommendation, unknown users’ feature information.

I. INTRODUCTION

THE explosive development of distributed mobile net-
works is driving the emergence of many innovative appli-

cations, such as enhanced virtual/augmented reality (VR/AR),
mobile interactive gaming, ubiquitous high-definition video
service, and intelligent residential system, which are in general
latency-sensitive and accompanied by a huge amount of data
stream [1]–[3]. According to the cutting-edge mobile traffic
prediction report of Ericsson, the mobile data volume each
month grows from 38 exabytes (EB) in 2019 to 160 EB per
month by 2025 [4]. Among which, video traffic is forecast
to be the main contributor, accounting for 63% of mobile
traffic in 2019. And this ratio is expected to reach 76%
in the year 2025. Transmitting such traffic through mobile
networks leads to unnecessary congestion. Due to the often
unforeseeable network congestion and limited backhaul capac-
ity, it becomes increasingly impractical for mobile users to
access the desired contents from the remote cloud, thereby
imposes significant challenges in terms of meeting the strin-
gent requirements of latency-sensitive applications. Conven-
tional spectrum enhancement strategies are approaching their
theoretical limitations [5]. To address these challenges, innov-
ative proactive techniques have to be taken into consideration,
wherein caching the popular contents at the network edges,
for instance, base stations (BSs) and mobile terminals, has
been proposed as one of the promising solutions. In fact,
it was explicitly shown that edge caching can significantly
reduce the network latency [6], [7], relieve the backhaul load
[8]–[10], and improve users’ service experience [11]–[14].

However, the effectiveness of caching policies at the net-
work edge highly relies on the homogeneity among users’
preference distributions. To be more specific, given that the
users’ preference distributions are highly heterogenous and
flat, the performance of caching strategies can be dramati-
cally defected on account of the limited capacity of caching
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resources and backhaul transmission link. Hence, to further
boost the gain of edge caching, some behavior-reshaping
mechanisms are of necessity to be considered. Among which,
recommendation has been receiving increasing research atten-
tion due to its capability of reshaping the content request
schemas of different users. The effectiveness of recommen-
dation in cache-enabled wireless networks has been well
verified by [15]–[22]. To be more specific, the authors in [15]
target at maximizing the successful offloading probability via
jointly optimizing the probabilistic caching decision and the
personalized recommendation. Considering the heterogeneous
popularity among different segments in each video content,
a joint recommendation and segment-cache optimization prob-
lem is studied in [16], wherein the authors develop a heuristic
algorithm to handle the formulated NP-hard problem. Mean-
while, in [17]–[19], the cache hit ratio maximization problem
for content caching based networks with recommendation is
investigated. Particularly, [17] focuses on the cache-enabled
small cell networks, in which a simpler suboptimal joint
optimization algorithm is developed. Meanwhile, the authors
of [18] explore the notion of soft cache hits, which allows
some highly related contents that are locally cached to be
recommended to the users given that their original requested
contents are not available, resulting in enhanced caching gains.
Later, in [19], the coded caching decision with user grouping
is investigated for recommendation aware system. A heuris-
tic suboptimal solution is designed to solve the non-convex
integer programming, which achieves enhanced average cache
hit ratio and reduced peak rate when compared to the con-
ventional un-coded schemes. Considering physical layer radio
resource allocation, two recent works [20], [21] study the
cache pushing for multi-antenna enabled wireless networks
with recommendations. More precisely, in [20], the effective
throughput maximization problem is investigated. Thereof,
the authors designed a suboptimal joint optimization algorithm
by applying the convex-concave procedure and the branch-
and-bound approaches. Whilst, [21] aims to enhance the con-
tent delivery efficiency, taking into consideration the inter-cell
interference. The formulated non-convex two time-scale prob-
lem is solved by several approximation methods. Furthermore,
in view of the possible occurred data corruption at storage
nodes, the joint recommendation and caching optimization
for content-oriented wireless caching networks is investigated
from a perspective of revenue maximization with repair con-
sideration in [22].

The above discussed existing works mainly focus on
improving networks’ effectiveness, i.e., the achievable rev-
enue, the transmission reliability, the cache hit ratio, or the
effective throughput. Minimizing the total cost1 of users
regarding content retrieving is equally important, yet receives
much less attention [25]. Moreover, all the foregoing literature
[15]–[22] assume that the feature information of users is
known as prior, which is unrealistic in prevalent systems.
How the user-specific preference pattern can be predicted is

1Note that the cost in this work is a generic concept, following the similar
setups in [23], [24], which can be regarded as the communication cost or
the transmission latency for each of the users in order to obtain its desired
contents.

of great significance but has rarely considered in [15]–[22].
On preference estimation for cache-enabled wireless networks,
the authors in [6], [8], [9], [12], [26] utilized different machine
learning assisted approaches to predict the content popularity
distribution in the future. In addition, a probabilistic latent
semantic analysis (pLSA) enabled method is devised in [27]
to predict users’ preference distribution. Besides, the authors
in [11] adopt echo state networks (ESNs) at the baseband
units (BBUs) to estimate subscribers’ content requests and
mobilities. Although different learning tools are explored
to do the predictions, the spatio-temporality regarding each
individual subscriber’s feature information, and how it can be
attained are neglected, which are investigated comprehensively
in this work. The aforementioned observations stimulate us to
investigate the cost minimization problem for wireless content
caching networks (WCCN) via sophistically considering the
cache placement as well as the user-distinguished recom-
mendation decision with the assistance of a well-designed
learning paradigm to shed light on users’ content preference
information.

For brevity, the main contributions of this work are sum-
marized as follows:

i. We study the cost minimization problem for a generic
content-oriented wireless caching network via jointly
determining the recommendation and caching poli-
cies with unknown users’ feature information. Therein,
the constraints on content providers’ (CPs) cache capac-
ity budget, users recommendation size as well as rec-
ommendation quality are taken into consideration. The
formulated optimization problem is non-convex, non-
linear, lacking of modularity and hence is difficult to
solve. The difficulties essentially stem from the uncharted
information of users preference and the coupling among
the binary variables.

ii. To obtain the preference distribution of each user, we first
elaborate on two basic components that constitute prefer-
ence, i.e., the feature information of users and the feature
information of contents. Then, a versatile long short term
memory (LSTM) network assisted prediction paradigm is
devised to estimate users’ feature information with the
real data as regards their historical behavior. The leading
design principles on LSTM are expounded, together with
the elaborations on how the historical feature information
of users and the contents can be fetched from massive
raw data.

iii. With the estimated users’ preference information, we rig-
orously prove the NP-hardness of obtaining optimal joint
caching and recommendation strategies to minimize the
system’s total cost. For the sake of analytical tractabil-
ity, we decouple the original joint optimization prob-
lem into two subproblems, namely, the cache placement
and the recommendation decision-making problem, and
solved them by the explored one-by-one padding algo-
rithm (OOPA) and the two-side swap algorithm (TSSA),
respectively. Owing to the two-fold analysis, an alter-
nately optimized joint decision making method with
provable convergence guarantee and fully polynomial
time-complexity is developed.
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Fig. 1. System model for a typical WCCN, in which each CP is equipped with
a cache entity to store some popular contents proactively. The content request
probability of each subscriber is jointly affected by its inherent preference
and the personalized recommendations.

Despite the above mentioned contributions, extensive and
comprehensive Monte-Carlo simulations are performed to vali-
date the practicability of the designed LSTM network enabled
prediction approach and to evaluate the performance of the
devised joint decision-making method, showing how it can
reduce the system cost effectively compared with various
benchmark schemes.

The rest parts of this paper are organized as follows.
In Section II, the architecture of our considered WCCN is
illustrated, together with the elaborations on system cost and
recommendation mechanism. The joint caching and recom-
mendation oriented cost minimization problem is formulated
in Section III with uncharted users’ preference information.
In Section IV, we discuss the leading design principles regard-
ing LSTM based preference distribution estimation paradigm
for individual users, wherein the real data set is applied.
With the obtained users’ preference information, we mathe-
matically examine the NP-hardness of obtaining the optimal
joint decision making in Section V. In Section VI, we present
our versatile suboptimal methodology for minimizing the
system cost, where we also provide the time complexity and
convergence performance analysis for the proposed algorithm.
Numerical results and the associated analysis are elaborated in
Section VII. At last, we conclude this work and reveal several
future research directions.

II. SYSTEM MODEL

In this section, we first introduce the system model of our
considered WCCN. Subsequently, we elaborate on the details
regarding system cost as well as the performed recommenda-
tion mechanism.

A. System Description

As illustrated in Fig. 1, we consider a WCCN consisting
of M content providers (CPs) and K mobile users, indexed
by M = {1, 2, . . . , M} and K = {1, 2, . . . , K}, respectively.
Each CP is co-located with a finite capacity cache entity that
is capable of storing popular items, and hence it can provide

the users their desired contents that are proactively cached.
Given that the requested contents are not pre-fetched by the
CPs, users have to access to the cloud server, which in general
has sufficient cache capacity and can offer the users all kinds
of the demanded files. From this perspective, the cloud server
can be acknowledged as a backup content source.

It is assumed that, there are I content items in our model,
indexed by I = {1, 2, . . . , I}. In view of the heterogeneity
among different subscribers, we stipulate that each user has
an inherent preference distribution with respect to these I
contents. For k ∈ K and i ∈ I, define apref

k,i as the preference
of user k with respect to item i, which can be taken as
the probability that user k requests content i, and therein�

i∈I apref
k,i = 1. The detailed methodology on estimating the

value of apref
k,i will be specified in Section IV. Before ending

this subsection, we declare that a period of time (several hours
within a day) is considered in this work, during which the
number of users and contents is fixed as that in [15]–[22].
In addition, the recommendation and caching decisions are
done once for each of the period.

B. Characterization for Cost

We apply the binary variables {cm,i}, for i ∈ I and m ∈
M, to indicate the caching status of different CPs. To be more
specific, cm,i = 1 if and only if the CP m cached the i-th
content. Furthermore, let c̄m be the maximum caching capacity
of CP m. Under the capacity budget requirement, we have�

i∈I
cm,i ≤ c̄m, m ∈ M. (1)

For k ∈ K, m ∈ M and i ∈ I, let pi
k,m be the cost of user

k in terms of retrieving content i from CP m, whereas the
cost can be explained as the delay experienced by the user
or the charge asked by CP m regarding provides content m.
Likewise, denote by pi

k the cost of user k to fetch contents
from the cloud server. We note that pi

k has identical practical
meaning to pi

k,m. In addition, for i ∈ I, we stipulate Mi

as the index set of CPs who have item i in their caches.
For user k, if its requested content is cached by several CPs,
he will choose the one inducing the minimum cost. Otherwise,
the content will be provided by the cloud server, which we
assume can provide all the contents requested by the users with
a higher cost than that of individual CP, namely, pi

k > pi
k,m

for k ∈ K, m ∈ M, and i ∈ I.

C. Recommendation Mechanism

In this subsection, we elaborate on how recommendation
influences users’ contents request patterns. Towards this end,
we first expound how content demand is performed for the
scenes where recommendation is not conducted. Specifically,
without recommendation, each user requests its desired items
based on its inherent preference distribution, i.e., apref

k,i for
k ∈ K and i ∈ I. In detail, if user k requests content i with
a higher probability than that of content j, j �= i, we have
a

pref
k,i > a

pref
k,j . Given that a recommendation mechanism is

adopted, the content request pattern of each user will be
affected by both its inherent preference and the performed
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recommendations [15]–[22]. Moreover, it is natural to assume
that a typical user can request the contents either from or
outside the recommendation lists, especially when they are
unable to confirm the quality of the recommended contents
[15], [28].

With foregoing discussions, hereinafter, we focus on char-
acterizing the users’ content demand patterns. For k ∈ K
and i ∈ I, let bk,i ∈ {0, 1} be the Boolean recommendation
indicator for user k in terms of content i. Particularly, bk,i = 1
if content i is recommended to user k and bk,i = 0 otherwise.
In addition, we denote Rk with cardinality of Rk as the index
set of all the recommended items to user k. Note that Rk can
be regarded as the recommendation size of user k. Moreover,
we define areq

k,i as the ultimate request probability of user k
to item i with the recommendation mechanism, where k ∈ K
and i ∈ I. Without loss of generality, we assume that at least
one content is recommended to user k and not all items are
recommended. Namely, 0 <

�
i∈I bk,i < |I| for k ∈ K.

Thereby, the demand probability of user k to the recommended
item i ∈ Rk is expressed as follows:

âreq
k,i =

bk,ia
pref
k,i�

j∈Rk
a

pref
k,j

=
bk,ia

pref
k,i�

j∈I bk,ja
pref
k,j

. (2)

Whilst, the request ratio of user k to the non-recommended
content i ∈ I \ Rk is given by

ã
req
k,i =

(1 − bk,i)a
pref
k,i�

j∈I\Rk
apref

k,j

=
(1 − bk,i)a

pref
k,i�

j∈I(1 − bk,j)a
pref
k,j

. (3)

As can be inferred from (2) and (3), the request distribution
of user k to content i can be obtained as

areq
k,i = xk âreq

k,i + (1 − xk)ãreq
k,i,

= xk

bk,ia
pref
k,i�

j∈I bk,ja
pref
k,j

+ (1 − xk)
(1 − bk,i)a

pref
k,i�

j∈I(1 − bk,j)a
pref
k,j

,

(4)

where xk depicts the probability for user k to request the
content items from the recommendation lists. In this paper,
we stipulate that xk is static for user k but variant for different
users.2

Remark 1: According to (4), the content request distribu-
tion of user k remains normalized for k ∈ K.

Before ending this subsection, we introduce the notion of
recommendation quality, which is an important metric in the
recommendation system. Indeed, even though the primary job
of the recommendation system is to motivate more requests
for the cached contents, the inherent preference of each user
should also be taken into account to avoid the psychological
inversion of users. As such, we set a user-specific thresh-
old to restrict the quality of the recommendation for each

2A learning based method is designed in [15] to explore the relationship
between the recommendation threshold and the acceptance ratio. Other
approaches to characterize the content requests after recommendations can
be found in [29], [30]. Detailed analysis are not repeated here to avoid
redundancy. It is noteworthy that the above discussed content demand model
has been verified by [15], [28]. Particularly, the authors in [28] leveraged a
real dataset, namely, MovieLens 1M, to validate the efficacy of their proposed
joint probabilistic caching decision and recommendation optimization method.

user, denoted by Qk, for user k ∈ K. With this definition,
the recommended items for user k should satisfy the following
constraint, �

i∈I
bk,ia

pref
k,i ≥ Qk, k ∈ K. (5)

Note that Qk is assumed to be known as prior in this work,
which can be estimated by the interactive response system
provided by service provider companies or pre-determined by
the user itself to demonstrate its personal tolerability with
respect to the recommendation.

III. PROBLEM FORMULATION

In this work, we target at minimizing the total cost of
all the subscribers, taking into consideration the constraints
on the cache capacity of each CP, the recommendation size,
and the recommendation quality of each user. For i ∈ I,
let Mi be the index set of all the CPs that cached content
i proactively. In this connection, we have Mi = {m|m ∈
M, cm,i = 1}. Based on the foregoing mentioned content
retrieving and routing principles, the cost of user k in terms
of fetching content i, referred to as Costk,i, is obtained as
follows:

Costk,i = areq
k,i( min

m∈Mi

pm
k,i + [1 −

�
m∈M

cm,i]+pi
k), (6)

where k ∈ K and i ∈ I. In addition, [X ]+ � max{0, X}.
Besides, areq

k,i is well given in (4).
For notation simplicity, let c = (cm,i)m∈M,i∈I be the cache

decision of all CPs. Moreover, define b = (bk,i)k∈K,i∈I as the
recommendation decision vector of the system. Furthermore,
denote by a = (apref

k,i )k∈K,i∈I the inherent preference distrib-
ution of all users. With the definitions, the cost minimization
oriented joint cache placement and recommendation decision
optimization problem, denoted by P(1), is mathematically
formulated as follows:

minimize
a,b,c

�
k∈K

�
i∈I

Costk,i

s.t. C1 :
�
i∈I

cm,i ≤ c̄m, m ∈ M,

C2 :
�
i∈I

bk,ia
pref
k,i ≥ Qk, k ∈ K,

C3 :
�
i∈I

bk,i = Rk, k ∈ K,

C4 : bk,i ∈ {0, 1}, k ∈ K, i ∈ I,

C5 : cm,i = 1, m ∈ Mi, i ∈ I,

C6 : cm,i = 0, m /∈ Mi, i ∈ I, P(1)

where Costk,i is defined in (6). In the minimization problem
P(1), C1 is used to guarantee that the cache capacity of
CP m does not exceed its budget. Besides, C2 refers to the
users’ recommendation quality requirements as described in
Section II-C. Moreover, C3 shows the size constraint for the
recommendation list of each user. Furthermore, C4, C5 and
C6 depict the binary property of the decision variables.

Based on (4), we observe that areq
k,i is non-convex with

respect to b. Hence, the optimization problem P(1) is a
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non-convex and non-linear integer programming problem,
which is difficult to solve. The difficulties essentially arise
from two aspects. One is that, the information of users’
preference information, i.e., a, is uncharted, although it is not
explicitly shown in P(1), making the optimization problem
untraceable. The other one is the coupling among the Boolean
variables, i.e., the recommendation decision b and the caching
decision c, respectively. For the sake of analytical tractability,
a two-step methodology is adopted. Specifically, in Step 1,
a versatile LSTM-enabled prediction paradigm is developed to
estimate users’ feature information. With the obtained prefer-
ence distribution, we solve the resultant joint decision-making
problem in Step 2.

IV. LSTM ASSISTED USER PREFERENCE

DISTRIBUTION ESTIMATION

In this section, we investigate how the preference distri-
bution of each user is estimated. To achieve this, we first
illustrate the two basic components that constitute the pref-
erence, namely, the feature vector of users and the feature
vector of contents, respectively. We then explore the LSTM
based versatile paradigm to estimate the feature distribution
of users in accordance with their historical behavior data.
Therein, the leading design principles on LSTM are expounded
as well, together with the elaborations on how the historical
feature information of users and the contents are fetched.

A. Compositions on Preference Distribution

We stipulate that each item in our content library I is rele-
vant to J themes, indexed by J = {1, 2, . . . , J}. For instance,
movies are divided into different themes, e.g., science fiction,
drama, and comedy, etc. From this perspective, the J themes
are taken as the feature set that distinguishes different contents.
Denote by gi = (gi(1), gi(2), . . . , gi(J)) the feature vector of
content i, whose j-th element, i.e., gi(j) ∈ [0, 1], represents
how item i is relevant to theme j. Therein,

�J
j=1 gi(j) = 1 for

i ∈ I. Likewise, the users’ preferences towards the contents
are characterized by a similar feature vector, referred to as
gk = (gk(1), gk(2), . . . , gk(J)), where k ∈ K. The j-th
component of gk, i.e., gk(j) ∈ [0, 1], depicts the degree of
interest user k has in the content categorized by theme j.
In addition, we have

�J
j=1 gk(j) = 1.

According to [8], [17], [21], [22], [26], [31], the preference
of user k to content i can be jointly modeled by the feature
vectors of k and i, i.e., gk and gi, respectively. More pre-
cisely, it is defined as the cosine similarity index between the
aforementioned two vectors, and is expressed as follows:

ãpref
k,i =

�J
j=1 gk(j)gi(j)��J

j=1 (gk(j))2
��J

j=1(gi(j))2
, k ∈ K, i ∈ I.

(7)

After normalizing the values of ãpref
k,i over all the contents for

user k, the inherent content preference distribution of user k
to content i is obtained as

apref
k,i =

ãpref
k,i�I

i=1 ãpref
k,i

, i ∈ I. (8)

Obviously, to acquire the individual user’s preference infor-
mation, the two feature vectors have come to light. Note that,
in this paper, the information on users’ feature vectors are
unknown, which will be estimated by the LSTM network in
the following subsection.

B. LSTM Based User Feature Vector Prediction

In this subsection, a versatile LSTM based framework is
devised to predict users’ feature vector based on a real data
set that contains their historical behaviors. Hereinafter, the data
set we use, the raw data processing approach, as well as the
leading design principles about LSTM, are elaborated.

1) Data Set: The data set used in this work is downloaded
from MovieLens.com [32], named “ml-latest”, which consists
of 27,000,000 ratings to 58,000 movies by 280,000 users.
Obviously, the ratings among all users are very sparse. To
remedy this issue, among all the ratings, we use the data of
the top-20 most active users. The average number of their
rated contents is 6,877. It is worth mentioning that, each of
the movies has been labeled by one or multiple themes and
there are 19 themes in total, that is J = 19. Based on the
pre-treated data set, each individual user’s inherent preference
in terms of different themes is evaluated. Details are elaborated
in the following paragraphs.

We take user k as an example. To evaluate the preference
of user k to theme j, where j ∈ J , we first bundle the rated
movies of user k into different groups in accordance with their
issuing date. In other words, the preference of an individual
user is modeled as a time-sequential parameter. To minimize
bias [33], [34], for each group of movies, the appreciation
of user k with respect to theme j depends on the number
of movies in this group that had been rated by k, in the
meanwhile, falling into the j-th theme. Denote by Dk(t) the
set of the rated movies by user k in time node t. In addition, let
rk,j(t) be the preference of user k to theme j in time node t.
We introduce an auxiliary variable r†k,j(t), which is given by

r†k,j(t) = |Dk,j(t)|
|Dk(t)| , where Dk,j(t) ⊂ Dk(t) depicts the index

set of the movies that have been labeled by theme j and | · |
represents the cardinality operator. We normalize r†k,j(t) for

j ∈ J , and hence rk,j(t) is obtained as rk,j(t) =
r†

k,j(t)
�

j∈J r†
k,j(t)

.

So far, the feature information of user k at time node t is
obtained. For notation simplicity, let gk(t) = (rk,j(t))j∈J be
the feature vector of user k in time t.

2) LSTM Based User Feature Vector Prediction: Since the
feature vector of user k has temporal structure, the time series
prediction oriented deep learning approaches can be applied to
predict the future feature information of users in accordance
with their historical feature distribution information. Among
which, LSTM is widely used and its effectiveness in different
usage scenarios [6], [35] has been well verified. It is note-
worthy that echo state networks (ESNs) can also be used for
predictions, which apply reservoirs (with randomly corrected
neurons) to determine the transformations between the inputs
and the outputs [11]. Compared to ESNs, LSTM is more
effective in characterizing the spatiotemporal features of each
individual subscriber’s data due to its sophisticatedly designed
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Fig. 2. Illustration of the LSTM structure.

chain form. Thereby, in this work, LSTM is adopted to predict
users’ feature information in the future.

To be more specific, LSTM has the chain form with
repeating modules of the neural network, which is capable
of learning long-term dependencies. In other words, LSTM is
a special form of recurrent neural networks (RNNs). Neverthe-
less, in contrast to standard RNNs, where the repeating module
always has a very simple structure, e.g., a single tanh layer,
there are four neural network layers in LSTM that interacted in
a more sophisticated manner. The detailed structure of LSTM
is illustrated in Fig. 2. Thereof, the core construct is the cell
state, i.e., ct, which can be acknowledged as the memory of
the network. LSTM has the capability of adding or removing
information to the cell state with the assistance of structured
gates, which optionally permit information through. More
precisely, these gates can learn whether the data in a sequence
is important to be kept or should be thrown away. And in doing
so, they can pass the relevant information (memory) down the
sequence chain to make predictions. In total, three kinds of
gates exist in LSTM, and they are distinguished below:

Forget Gate (FG): FG is used to control the effects of
historical information on the current cell state. Define xt and
yt as the input and the output of LSTM at time node t,
respectively. With these definitions, the input of FG is denoted
by [yt−1, xt]. After going through a sigmoid function, each
of its components will be squished to be between 0 and 1,
whereas 1 means keeping the historical state and 0 otherwise.
Let ft be the output of FG. Mathematically, we have

ft = σ(W f [yt−1, xt] + bf ), (9)

where W f and bf depict the weights and bias of the sigmoid
layer.

Input Gate (IG): This gate is used to determine what
new information we will store for this cell’s state generation,
i.e., updating the cell state, which consists of two components.
One is a sigmoid layer and the other one is a tanh layer. To be
more specific, we first do the pointwise multiplication between
the cell state and the forget vector, which determines what

states will be kept and what will be thrown away, i.e., ftct−1.
Then, we take the output and do the pointwise addition to
update the cell state as a new one, i.e., ct. With foregoing
analysis, we have

ct = ftct−1 + itc̃t, (10)

where

it = σ(W i[yt−1, xt] + bi), (11)

and

c̃t = tanh(W c[yt−1, xt] + bc), (12)

respectively. Therein, W i and W c represent the correspond-
ing weights of the two layers while bi and bc are the biases.

Output Gate (OG): This gate determines what to output,
which also contains two layers, i.e., a sigmoid layer and a
tanh layer. To be more specific, we first pass [yt−1, xt] into
the sigmoid function and pass the newly attained cell state,
i.e., ct, to the tanh function. Then, we multiply the outcomes
of the two functions to decide what information should be the
output. With above mentioned definitions, the output of this
network, namely yt, is given as follows:

yt = ot ∗ tanh(ct), (13)

in which ct is defined in (10) and ot is expressed as follows:

ot = σ(W o[yt−1, xt] + bo), (14)

where W o and bo depict the weight and bias of this layer,
respectively.

As far as our problem, at time t, there are L input futures
for LSTM, which is expressed below:

x(t) = [gk(t), gk(t + 1), . . . , gk(t + L − 1)], (15)

where L is the time window as shown in Fig. 2, which can
be acknowledged as the number of the input data samples
for each cell of LSTM, whose value will be specified in the
simulation part. At the same time, the ideal output of LSTM
is given as y(t) = gk(t + L), in which t = 1, 2, . . . , Td, and
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Td is the total number of data samples. Define ỹ(t+L) as the
predicted output of LSTM at time t, our goal is to optimize the
weights and bias of LSTM so as that the prediction error (PE)
is minimized, where PE is defined as follows:

PE =
�

t |y(t + L) − ỹ(t + L)|2�
t |y(t + L)|2 . (16)

For brevity, we summarize the pseudo-code of LSTM assisted
user future distribution prediction approach in Algorithm 1.

Algorithm 1 LSTM Networks for User Preference Prediction
1: Training Phase:

Initialization: Training data set: user feature vector gk(t), k ∈
[1, K], j ∈ [1, J], and t ∈ [1, Td]. The time window L. The
goal value, i.e., a predetermined PE.

2: Randomly initialize weight matrix W f , W i, W c, W o and
bias bf , bi, bc, bo of the network.

3: for each episode do
4: Choose user feature vectors x(t) given in (15) as inputs

of the network;
5: Forward propagation algorithm: calculate the output of

the layers yt;
6: Calculate the prediction error according to (16);
7: Back propagation through time (BPTT) [36]: adjust

weights W f , W i, W c, W o and bias bf , bi, bc, bo

of the network to minimize the value of PE;
8: end for

Output Weights W f , W i, W c, W o and bias bf , bi, bc, bo

of the network.
9: Testing Phase:

Initialization: Testing data set: user feature vector, weights
W f , W i, W c, W o and bias bf , bi, bc, bo of the network,
the number of episodes.

10: for each episode do
11: Choose user feature vector from the testing set as net-

work inputs;
12: Forward propagation algorithm: calculate the output of

the layers yt;
13: Calculate the prediction error according to (16);
14: end for
Output User feature vector in the next time slot for optimiza-

tion and PE for the network performance evaluation.

Before ending this section, we note that the content
library in this work is the online movies that collected
on 11-October 2019, together with their themes information.
In total, we have 51 movies. It is worth noting that the designed
prediction model is data-free. Here, other kinds of data are also
applicable. Details are presented in the numerical results. Up
to now, both the feature vectors of users and the content library
are all known. Based on the personalized preference charac-
terization method introduced in Section IV-A, the information
of a is achieved.

C. Computational Complexity and Convergence Analysis

In this subsection, we analyze the computational com-
plexity as well as the convergence performance of our

devised LSTM-enabled prediction approach. More specifically,
in LSTM networks, multiplicative gate units are adopted to
decide what information can go through the network by open
and close. In this regard, the total number of gates has
significant influence on the time complexity of the LSTM
networks. In addition, the computational complexity per time
step together with the storage complexity are O (H), wherein
H is the number of the weights of the LSTM network.
Precisely H = 4 × NH × (NI + NB + NO), in which
NI , NH , NB , and NO represent the number of input units,
the number of the hidden units, the number of bias, and the
number of output units, respectively. Moreover, in accordance
with [37], LSTM is local in space and time, demonstrating
that the update complexity per time step and weight are
irrelevant to network size, and the storage requirements do
not depend on input sequence length. On these basis, LSTM
network is efficient for user preference prediction. In [38],
universal approximation theorem shows that neural networks
can represent a wide variety of functions under appropriate
weights. In this connection, LSTM is capable of converging to
a stable state when given appropriate activation functions and
network parameters, such as learning rate and learning goal.
However, in order to overcome the overfitting curse of LSTM,
choosing appropriate network parameters is needed during the
training process of the LSTM networks.

V. PROBLEM COMPLEXITY ANALYSIS

With the obtained preference information of each individ-
ual user, we mathematically examine the complexity of the
resultant cost minimization oriented joint recommendation and
caching decision optimization problem in this section.3 Details
are expressed in the following theorem:

Theorem 2: P(1) is NP-hard.
Proof: Denote by P(1)D the decision version of P(1),

which consists of checking whether the optimal value of P(1)
is lower than a given threshold Θ. Based on Garey and
Johnson computational complexity framework, a numerical
optimization problem is said to be NP-hard if its corresponding
decision problem is NP-hard [39], [40]. Therefore, we can
prove that P(1) is NP-hard via demonstrating the NP-hardness
of P(1)D.

The main idea is to take a known NP-hard problem and
reduce it to P(1)D. More precisely, we say P(1)D is NP-hard
given that a well devised polynomial-time reduction mapping
can be found to map any instance of the NP-hard problem to
an instance of P(1)D in accordance with the transitivity of
reduction [41].

In this proof, the selected problem is the minimization knap-
sack decision problem, referred to as MinKPD. MinKPD is
one of Karp’s 21 NP-complete problems, which has been well
studied in [42]. Specifically, it is defined as deciding whether
MinKP∗ ≤ Θ, where Θ is a given threshold. In addition,
MinKP∗ is formulated as follows:

minimum
l

N�
i=1

αili

3Unless otherwise stated, the information of a is known as prior when we
talking about problem P(1) in the rest parts of this work.
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s.t. C1� :
N�

i=1

wili ≥ W,

C2� : li ∈ {0, 1}, i = 1 . . .N, (17)

where N indicates the number of knapsack items. In addition,
wi and αi represent the weight and profit of item i, respec-
tively. Besides, W denotes the minimum weight requirement
of the knapsack in constraint C1�. Moreover, li in C2� repre-
sents the decision of item i. Specifically, li = 1 if and only if
item i is assigned to the knapsack.

Next, we show that solving problem MinKPD is equiva-
lent to solve P(1)D. Given an instance of MinKPD and a
threshold Θ, we construct an instance of P(1)D with one
user, one CP and N + 1 items, i.e., K � {1}, M � {1}
and I � {1, 2, . . . , N + 1}. For i ∈ [1, N ], let a

pref
1,i �

wi/
��N

i=1 wi + 1
�

and p1
1,i � pi

1 � αi/wi + Θ. For

the (N + 1)-th item, we set apref
1,N+1 � 1/

��N
i=1 wi + 1

�
and p1

1,N+1 � pN+1
1 � 0. Note that the user preference

distribution is normalized, i.e.,
�N+1

i=1 apref
1,i = 1, which is

consistent with definition (8). We further impose x1 = 1, Q1 �
(W + 1) /

��N
i=1 wi + 1

�
and R1 � N + 1. As such, P(1)

can be formulated as follows:

minimize
b

�N
i=1 (αi + wiΘ) b1,i�N
j=1 wjb1,j + b1,N+1

s.t. C2 :
N�

i=1

wib1,i + b1,N+1 ≥ W + 1,

C4 : b1,i ∈ {0, 1}, i = 1, . . . , N + 1, (18)

where the objective function and constraints have been
simplified with the aforementioned definitions. In addition,
we removed the term

�N
i=1 wi +1 from the objective function

as it is a common factor of the numerator and the denom-
inator. We also removed it from the left and right sides of
constraint C2. Note that C3 in problem (18) is removed for
brevity since

�
i∈I bk,i = Rk � N +1 is trivial. Furthermore,

no optimization is required on variables c1,i for i ∈ [1, N +1]
since p1

1,i � p1,i. As a consequence, C1, C5 and C6 can be
removed.

In (18), the (N + 1)-th decision variable b1,N+1 only
decreases the objective function when b1,N+1 varies from
0 to 1, thus the optimal solution satisfies b1,N+1 = 1.
Based on this observation, we further simplify the
objective function as well as the constraints C2 and
C4 in (18), the resultant optimization problem is expressed as
follows:

minimize
b

�N
i=1 (αi + wiΘ) b1,i�N

j=1 wjb1,j + 1

s.t. C2 :
N�

i=1

wib1,i ≥ W,

C4 : b1,i ∈ {0, 1}, i = 1 . . .N. (19)

The decision problem P(1)D consists of deciding whether
there exists a decision vector b satisfying C2 and C4 such that:�N

i=1 (αi + wiΘ) b1,i�N
j=1 wjb1,j + 1

≤ Θ

⇐⇒
N�

i=1

(αi + wiΘ) b1,i ≤ Θ

⎛
⎝ N�

j=1

wjb1,j + 1

⎞
⎠

⇐⇒
N�

i=1

αib1,i ≤ Θ (20)

Hence, by rewriting b1,i as li for i ∈ {1, . . . , N} and
jointly considering the above equivalence (20), we confirm that
MinKPD , i.e., (17), can be transformed to P(1)D , i.e., (19) in
polynomial time. P(1) is NP-hard due to the NP-completeness
of MinKPD [42]. The proof is completed. �

VI. JOINT RECOMMENDATION AND CACHING DECISION

ALGORITHMS DESIGN

Since P(1) is NP-hard, we propose in this section a
time-efficient suboptimal algorithm to do the joint optimiza-
tion. More precisely, to render its tractability, P(1) is decou-
pled into two subproblems, i.e., the pure cache placement
and the pure recommendation optimization problem. There-
after, two algorithms are developed to solve the foregoing
subproblems, which are based on the one-by-one padding algo-
rithm (OOPA) and the two-side swapping algorithm (TSSA),
respectively. On account of the two-fold analysis, an iterative
optimization paradigm is devised to do the recommendation
and caching decisions jointly, which is conducted in an
iterative manner. The detailed methodologies on optimizing
foregoing two types of variables are presented in the following
subsections, together with the complexity analysis and the
proof of convergence.

A. Cache Decision Optimization

In this subsection, we analyze how the cache decision can
be determined explicitly with fixed recommendation strategy,
i.e., b. It is noted that, the content request pattern regarding
each individual user, namely areq

k,i for k ∈ K and i ∈ I, can
be calculated given the information of b according to (4).
Nevertheless, the other component in the objective function,

i.e., minm∈Mi

�
pm

k,i + [1 −�m∈M cm,i]+pi
k

�
, has no closed

expression and the value of which is coupled with the binary
variables as regards caching, making the problem difficult to
be solved. To figure out the cache decision problem efficiently,
in this work, a suboptimal scheme with provable polynomial
time complexity is proposed, which is inspired by the OOPA.

Without loss of generality, we stipulate that at the beginning
of our algorithm, the cache entities of all CPs are empty,
namely c is set to be a zero vector. At the same time, we know
that proactive caching helps to reduce the system cost. In other
words, the minimum cost achieves when the cache storage
of each provider is stuffed, which can be proved easily with
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the approach named reduction to absurdity. Details are not
repeated here to avoid redundancy. From this point of view,
to minimize the total expenditure, it is advisable to explore the
optimal pair (m∗, i∗) and cache the content i∗ in the optimal
CP m∗ such that the least objective value of P(1) is obtained,
i.e.,

(m∗, i∗) � argmin
(m,i)⊂S

Cost
�
b, c†m,i

�
, (21)

where c†m,i denotes the caching decision vector with cm,i = 1.
More precisely,

c†m,i = (c1,1, . . . , cm,i−1, 1, cm,i, . . . , cM,I).

In addition, S = {(m, i)|m ∈ M, i ∈ I}. Besides, Cost(b, c)
is defined as the total cost of the system under the optimization
strategy profile (b, c). As can be inferred from above analysis,
an iterative algorithm is developed. To be more specific, during
each round, the optimal content i∗ is cached by its best
partner CP m∗ based on (21), and so forth, until the CP m
cached the maximum number of items, i.e., the inequality in
constraint C1 becomes strict equality for m ∈ M. For brevity,
we summarize the pseudo-code of the OOPA oriented cache
placement approach in Algorithm 2.

Algorithm 2 OOPA Assisted Cache Placement Algorithm
1: Given the recommendation strategy b. Define an auxiliary

set as S = {(m, i)|m ∈ M, i ∈ I}. Let c = 0 and M† =
M.

2: while
�

i∈I cm,i < c̄m, m ∈ M† do
3: Determine the optimal pair (m∗, i∗) based on (21), i.e.,

(m∗, i∗) � argmin
(m,i)⊂S

Cost
�
b, c†m,i

�
4: Caching content i∗ in the storage entity of CP m∗,

referred to as, cm∗,i∗ = 1
5: Renovate c = c†m∗,i∗

6: Update S = S \ {(m∗, i∗)}
7: if

�I
i=1 cm∗,i = c̄m∗ then

8: Renew M† = M† \ {m∗}
9: Update S = S \ S̃, in which S̃ = {(m, i)|m = m∗, i ∈

I}
10: end if
11: end while
12: return the cache placement vector c

Lemma 3: The time complexity of Algorithm 2 is O(MI).
Proof: Since Algorithm 2 is derived from OOPA, whose

computational complexity is determined by the size of set
S. Consequently, the computational complexity is obtained as
O(MI). �

B. Optimization for Recommendation Decision

In this subsection, the optimization for recommendation
decision is investigated. Given system’s caching strategy c,

the value of minm∈Mi

�
pm

k,i + [1 −�m∈M cm,i]+pi
k

�
is

attainable, which corresponds to the cost of user k in terms

of demanding content item i. It is worth mentioning that,
according to (4), the recommendation strategy of user k is
independent with the other users’ decisions. In this regard,
the recommendation decision-making problem can be divided
into K parallel subproblems. Without loss of generality,
we take user k as an example. Note that the request distribution
of user k, i.e., areq

k,i, is non-convex with respect to b based
on (4). To solve the non-convex integer programming effi-
ciently, a matching theory oriented method is adopted. Before
introducing the details about the designed mechanism, several
definitions are expounded. For k ∈ K, we assume the top-Rk

preferred items in the inherent preference given by (8) are the
initial recommended contents of mobile user k. In addition, let
Gk = I \ Rk be the set of the un-recommended contents of
user k. Besides, denote by Costk(Rk) the cost of user k, whose
recommended items fall into Rk. Mathematically, we have

Costk(Rk) �
�
i∈I

areq
k,i

�
min

m∈Mi

pm
k,i + [1 −

�
m∈M

cm,i]+pi
k

�
.

With foregoing definitions, we explain the notion on swap-
blocking pair for user k as follows:

Definition 4: Given a pair of contents (i, j) where i ∈ Rk

and j ∈ Gk, respectively, we say (i, j) is a swap-blocking pair
if and only if C2 under R†

k as well as

Costk(R†
k) < Costk(Rk) (22)

are satisfied, in which R†
k � Rk \ {i} ∪ {j}.

The developed TSSA is an iterative algorithm as well. In
each iteration, we update the recommendation state based on
whether a given pair of contents is a swapping block pair
or not. The processes are repeated until no such pair can
be explored. Moreover, based on Definition 4, each recom-
mendation state change induces a degenerated system cost.
Thereby, the convergence of TSSA is guaranteed. Furthermore,
we declare that the concept of swap blocking used in our
work stems from matching theory [43], [44]. We conclude the
TSSA oriented recommendation decision method for user k in
Algorithm 3 for brevity.

Algorithm 3 TSSA Oriented Recommendation Method
1: Given the cache placement strategy c and the initial rec-

ommendations set Rk. Define an auxiliary set as S† =
{(i, j)|i ∈ Rk, j ∈ Gk}

2: repeat
3: Select (i, j) ⊂ S†

4: if (i, j) is a swap-blocking pair then
5: Let Rk = Rk \ {i} ∪ {j}
6: else
7: Keep the current state
8: end if
9: until No swap-blocking pair can be found

10: return the recommendation decision of user k

Lemma 5: The computational complexity of Algorithm 3 is
O(RkI).

Proof: Since Algorithm 3 is based on the two-side
swapping, its time complexity is determined by the size of
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S† [43], [44], which is given as O(RkI), this completes the
proof. �

Corollary 6: According to Lemma 5, the worst-case com-
putational complexity of the TSSA enabled recommendation
decision algorithm is O(Rk∗I), where Rk∗ � argmaxk∈K Rk.

C. Joint Decision Optimization

In this subsection, we elaborate on the designed joint cache
placement and recommendation decision algorithm to mini-
mize the system cost with above mentioned two-fold analysis,
which is performed in an alternative pattern. Denote b(t) and
c(t) as the recommendation policy and the cache strategy in
iteration t, respectively. In addition, define Cost(b(t), c(t))
as the total cost of the system in iteration t, which can be
regarded as the objective function value of P(1) under the
strategy profile (b(t), c(t)). Moreover, let T be the maximum
number of iterations. For ease of understanding, we conclude
the pseudo-codes of the developed joint optimization approach
in Algorithm 4.

Algorithm 4 Joint Optimization for P(1)
1: Given T and the initial recommendation and caching

strategies, i.e., b(0) and c(0), respectively. Let t = 1
2: repeat
3: Update the cache strategy c(t) under given recommen-

dation policy b(t − 1) based on Algorithm 2.
4: if Cost (b(t − 1), c(t)) > Cost (b(t − 1), c(t − 1)) then
5: Keep the caching policy unchanged, i.e., c(t) = c(t−1)
6: end if
7: Calculate the recommendation decision b(t) under the

obtained caching strategy c(t) in accordance with Algo-
rithm 3. Therein, the initial recommendation decision of
Algorithm 3 is stipulated as b(t − 1)

8: Let t = t + 1
9: until Cost (b(t), c(t)) cannot be further decreased or t > T

10: return the joint strategy profile, i.e., (b, c)

We declare that in Algorithm 4, the initial caching policy
as well as the recommendation strategy, i.e., c(0) and b(0) in
line 1 of Algorithm 4, are set following the same mechanisms
as that used in Section VI-A and Section VI-B, respectively.
Moreover, in the t-th iteration, i.e., line 7 of Algorithm 4,
the initial recommendation decision of Algorithm 3 is set to
be b(t − 1). Furthermore, we keep the caching decision as
c(t − 1) given that the system caching cost under strategy
profile (b(t − 1), c(t)) is larger than that of (b(t − 1), c(t −
1)). With foregoing discussions, the convergence analysis for
Algorithm 3 is given in the following lemma.

Lemma 7: The convergence of Algorithm 4 is guaranteed.
Proof: According to Algorithm 4, the system cost

is non-increasing with the increase of the iteration num-
ber. Namely, the system cost during the iterations is a
monotonically decreasing sequence. Since the total cost is
lower bounded by 0, the convergence of the designed joint
decision-making method for P(1) is guaranteed [45]. �
Before ending this section, we discuss the time-complexity of
Algorithm 4 as follows:

Lemma 8: The worst-case computational complexity of the
proposed joint optimization algorithm is O(TΘI), where Θ =
max{M, Rk∗}.

Proof: The developed joint optimization approach is
performed in an iterative algorithm, whose time complexity
is determined by Algorithms 2 and 3. Refer to Lemma 3 and
Corollary 6, the proof is completed. �

VII. NUMERICAL RESULTS

In this section, extensive and comprehensive numerical
simulations are conducted to demonstrate the effectiveness of
our LSTM enabled feature information prediction paradigm
and to validate the performance of our designed joint recom-
mendation and caching optimization algorithm. We consider
a generic wireless cache-enabled network consisting of 5
CPs and 20 users, i.e, M = 5 and K = 20, respectively.
Therein, each user’s preference information is obtained by the
methodology introduced in Section IV based on MovieLens
“ml-latest” data set. According to the analysis in Section IV,
in total, the library contains 51 content items, which are
captured by 19 theme categories, namely I = 51 and J = 19,
respectively. In addition, we generate the elements of the
caching cost between user k and the CP m in terms of
requesting item i, i.e., pi

k,m, from independent and identical
distributed uniform distributions. Besides, the cost of user
k in terms of retrieving content i from the cloud server is
stipulated to be 1, namely, pi

k = 1. The setups for system
cost are followed by [23], [24], [46]. We further assume
that the recommendation acceptance probability of user k,
i.e., xk, is a uniformly distributed random variable from a fixed
interval. To be more specific, in the simulations, the considered
intervals are (0, 0.5) and (0.5, 1), respectively. For simplicity,
we assume each CP has the same cache capacity, that is
cm = c for m ∈ M. In addition, we set the recommenda-
tion windows and the recommendation quality constraints for
different subscribers to be equal as well, i.e., Rk = R and
Qk = Q for k ∈ K, respectively. It is noteworthy that the
proposed algorithm is parameters-free, which is also applicable
to the usage scenarios where c̄m, Rk, and Qk for m ∈ M and
k ∈ K are different.

For the purpose of comprehensive performance comparison,
several baseline schemes are taken into consideration, and they
are distinguished as follows:

• Top preferred caching without recommendation [8], [10],
[11]: In this scheme, each CP caches the top preferred
contents based on all users’ aggregated inherent prefer-
ences to stuff up its storage entity and no recommendation
is conducted.

• Top preferred caching with heterogeneous recommenda-
tion: In this scheme, the cache decision is identical to the
first strategy, except that each user is recommended with
its individually top preferred items.

• Top preferred caching with homogeneous recommenda-
tion: In this scenario, the caching method is the same
as the above mentioned two schemes, while each user
is recommended with the top preferred items among
all the users’ aggregated preference. Thereby, in this
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scheme, the heterogeneity among users is ignored when
conducting recommendations. This strategy is identical
to the UD-scheme in [17]. It is worth mentioning that in
both scheme 2) and scheme 3), the recommendation and
caching are deployed independently.

• Caching with Algorithm 2 and heterogeneous recom-
mendation: In the fourth strategy, each CP does the
cache placement following Algorithm 2, wherein the
initial recommendation applies the top heterogeneous
recommendation scheme based on (8). We note that this
approach is a simplified version of our proposed joint
decision algorithm, in which no iteration is conducted.

For notations brevity, the aforementioned four benchmarks
are named as “No recommendation [8], [10], [11]”, “Heteroge-
neous recommendation”, “UD-scheme [17]”, and “Simplified
scheme”, respectively.

A. Performance of LSTM-Based Prediction

In this subsection, we evaluate the performance of our
developed LSTM network for feature information prediction.
We selected the top-20 most active users and collected their
preferences on all the 19 themes, that are “Adventure”,
“Animation”, “Children”, “Comedy”, “Fantasy”, “Romance”,
“Drama”, “Action”, “Crime”, “Thriller”, “Horror”, “Mys-
tery”, “Sci-Fi”, “IMAX”, “Documentary”, “War”, “Musical”,
“Western”, and “Film-Noir”, respectively, as discussed in
Section IV-B. The time interval is set as L = 5, i.e., the inputs
of the network are users’ preference in five time nodes and the
output is the user’s preference in the sixth time node. After
obtaining all the data, we randomize the order of the data set
to improve the generalization ability of the network. Thereof,
the data are divided into two parts, where 70% of them are
used as the training data and 30% of them are applied to do
the testing.

We use the root-mean-square error (RMSE) [47] between
the real and the predicted values of users’ preference dis-
tribution to demonstrate the performance of the proposed
LSTM network and conventional RNNs-enabled algorithm4,
as illustrated by Fig. 3(a) and Fig. 3(b), wherein the accuracy
goals of the network are set to be 0.0001 and 0.00001,
respectively. In both two figures, the x-axis represents the
time index, while the y-axis depicts the prediction error
of user’s preference distribution. Besides, in both Fig. 3(a)
and Fig. 3(b), the “LSTM prediction error” expresses the
RMSE between the output of our LSTM network and the real
data. In addition, “RNN prediction error” shows the RMSE
between the output of the conventional RNN algorithm and
the real value, which works as a benchmark. From these
figures, we observe that the prediction error of our scheme
is marginal, demonstrating the effectiveness of the versatile
LSTM assisted prediction approach. In addition, the proposed
LSTM algorithm outperforms conventional RNN scheme in
all simulated scenarios. The reason is that the LSTM algo-
rithm is capable of controlling the gradient propagation by

4As LSTM has the form of a chain with repeating modules of the neural
networks, which is a special kind of RNNs. Thereby, RNN is taken as a
benchmark scheme in numerical results [48], [49].

Fig. 3. Performance of LSTM based preference prediction, whereas the
associated historical data of each user is obtained based on real data set as
introduced in Section IV.

Fig. 4. Performance of LSTM enabled preference prediction. Therein,
the data regarding each individual user is generated in a random walk manner.

adjusting the “gates” in the LSTM cells, therefore, miti-
gating the gradient vanishing problem in conventional RNN
approach. Moreover, as expected, a dropped training goal value
induces a better learning performance, therein the prediction
performance enhancement of our proposed scheme becomes
manifest.

Apart from foregoing discussions, it is worth pointing out
that our designed LSTM enabled prediction paradigm is data-
free. To show this respect, Fig. 4 is plotted, in which the
feature information of each individual user is generated by
a random walk manner. In addition, we assume the accuracy
goals of the network to be 0.0001 and 0.00001 for Fig. 4(a) and
Fig. 4(b), respectively. From both two figures, we observe that
the devised LSTM paradigm can well predict user’s preference
and still outperforms the baseline scheme, demonstrating its
applicability and universality in prevalent systems.

B. Convergence of the Proposed Joint Decision Algorithm

Fig. 5 shows the convergence performance of the proposed
versatile joint optimization algorithm under different values of
c with R = 2 and Q = 0.01. In addition, it is assumed that
xk ∈ (0, 0.5) and xk ∈ (0.5, 1) in Fig. 5(a) and Fig. 5(b),
respectively. We use the system caching cost during the
iterations to depict this performance. From Fig. 5, we see that
the developed algorithm converges quickly for all the values
of c, validating our analysis on the computation complexity of
the devised methodology. We also see that, with the increasing
value of c, the number of iterations required for convergence
remains unaffected, which again verifies the applicability of
our proposed algorithm. Moreover, we observe that, as c
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Fig. 5. Convergence of the proposed algorithm.

Fig. 6. Average system cost versus c for different recommendation acceptance
probability intervals with R = 2.

increases, the performance improvement from the iterations
reduces. Furthermore, by comparing Fig. 5(a) to Fig. 5(b),
we see that the system cost under xk ∈ (0.5, 1) is less than
that of xk ∈ (0, 0.5) with any given c. In other words, a high
recommendation acceptance ratio induces to a low system cost,
demonstrating the effectiveness of recommendations.

C. The Impact of Caching Capacity and Recommendation
Acceptance Probability

Fig. 6 depicts the relationship between the average sys-
tem cost and the caching capacity of CPs under different
recommendation acceptance probability intervals. Thereof,
the Proposed algorithm (predicted) and the Proposed algo-
rithm (real) represent the performance of our designed
joint decision-making algorithm under the predicted and the
real users’ preference distributions, respectively. In addition,
the recommendation size is set to be R = 2. Moreover,
we stipulate xk ∈ (0, 0.5) and xk ∈ (0.5, 1) for Fig. 6(a)
and Fig. 6(b), respectively. We first focus on Fig. 6(a). It can
be seen that, the system cost performance of our devised
algorithm under the estimated preference distribution is in
line with that of the ideal case, showing the accuracy of
our LSTM-enabled prediction approach. In addition, the aver-
age system caching cost of all the schemes decreases as c
increases, demonstrating the effectiveness of caching at the
edge. Besides, all the schemes with recommendation outper-
form the no recommendation policy significantly, showing
the efficacy of recommendation. Moreover, for any given c,
the proposed algorithm achieves the minimum average system
caching cost among all the strategies. Furthermore, we see
that the gap between the performance of the proposed scheme

Fig. 7. Average system cost versus c for different recommendation acceptance
probability intervals with R = 4.

and that of the simplified scheme becomes less profound as
c increases. This is consistent with the observation in Fig. 5.
Similar trends as in Fig. 6(a) can be observed in Fig. 6(b)
as well. It is worth noting that, in Fig. 6(b), the average sys-
tem cost of caching policies with recommendation decreases
significantly compared with that of Fig. 6(a). Noting that
the recommendation acceptance probabilities of the users
in Fig. 6(b) are in general higher than those in Fig. 6(a), this
observation confirms that recommendation plays a pivotal role
in reducing the average system caching cost.

Fig. 7 plots the average system cost as a function of
the different cache capacity under different recommendation
acceptance ratios, where the recommendation size is set to
be R = 4. Therein, we also compared the performance of
our explored scheme under the estimated users’ preference
distributions and the ideal information. Similar insights as
that in Fig. 6 can be observed from Fig. 7, which are not
repeated here to avoid redundancy. In addition, by comparing
Fig. 6 with Fig. 7, it is worth noting that the average system
caching cost of the simplified scheme significantly increases
as R increases, while the average system caching cost of the
proposed algorithm increases not so much as R increases,
resulting in a large relative gain of our proposed scheme. This
is because, for the simplified method, the caching policy is
fixed (according to Algorithm 1) for a given recommendation
decision. Besides, the caching capacity is limited. As such,
the values areq

k,i that associated with a larger percentage of
the subscribers increase after recommendation, which conse-
quently leads to the increased average system caching cost,
especially when c is no larger than R. However, for the
proposed algorithm, the caching policy and the recommen-
dation decision are iteratively optimized. Therefore, the areq

k,i

of various users do not necessarily increase as R increases.
We note that this observation demonstrates how the joint
recommendation and caching optimization in the proposed
scheme can be leveraged to reduce the average system caching
cost. Moreover, as expected, for all the values of R, the pro-
posed scheme achieves the minimum average system cost
compared with other benchmarks. Further, in regard to the
no recommendation scheme, its average system cost keeps
unchanged under different values of R.

VIII. CONCLUSION

In this work, we aimed to explore the impact of recommen-
dation on the performance of edge caching. Towards this end,
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by considering uncharted users feature information, the aver-
age caching cost minimization problem was investigated under
a generic network setting. Therein, cache capacity budgets
of CPs, the recommendation size, and the recommendation
quality of each subscriber were taken into account. To make
the problem tractable, a versatile LSTM assisted prediction
paradigm was first devised to estimate users’ content prefer-
ence distribution with the assistance of real data set. With the
attained users’ preference information, the resultant joint deci-
sion problem was studied. To be more specific, the NP-harness
of obtaining the optimal recommendation decision and cache
placement strategies that jointly minimize the average system
cost was proved rigorously. Therefore, an iterative suboptimal
algorithm with provable polynomial computation complexity
was developed to handle this NP-hard problem. Monte-Carlo
simulations were carried out to demonstrate the effectiveness
of the LSTM based feature information prediction approach
and show that our designed joint recommendation and caching
algorithm outperforms numerous benchmarks. Future work
includes investigating radio resource management for content
delivery in recommendation-aware wireless caching systems.
Furthermore, exploring the relationship between recommen-
dation quality and each user’s acceptance ratio is another
research problem must be further pursued.
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