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Abstract— Edge side caching assisted device-to-device (D2D)
communication has been acknowledged as a promising technique
to alleviate the heavy burden of backhaul transmission link and
to reduce the network latency. However, the effectiveness of
caching strategies at the network edge is highly dependent on
the distribution of individual user’s content preference. To fully
attain the benefits of edge caching, some proactive mechanisms
shall be considered. Among which, recommendation performs
noticeably well due to its capability of reshaping the content
request probabilities of different users, which in turn affects
the cache decision significantly. In this work, we quantitatively
investigate how recommendation can be applied to enhance
the caching efficiency of D2D enabled wireless content caching
networks. And for that, the cache hit ratio maximization problem
for a generic network model is formulated taking into account the
requirements of each user’s personalized recommendation qual-
ity, recommendation quantity and cache capacity. Then, we show
that the optimal recommendation and caching policies which
jointly maximize the cache efficiency is NP-hard to compute.
Further, a time-efficient sub-optimal algorithm is designed, which
works in an iterative manner and has provable convergence
guarantee as well as polynomial time complexity. Monte-Carlo
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simulation results demonstrate the convergence performance of
our proposed joint decision algorithm and its cache efficiency
improvements compared to extensive benchmarks.

Index Terms— Content caching, device-to-device (D2D) com-
munications, caching hit ratio, recommendation mechanism,
NP-hardness.

I. INTRODUCTION

THE rapid evolution of wireless communication technolo-
gies as well as the termination techniques has trigged

the explosive growth of mobile data traffic. In accordance
with the cutting edge Ericsson mobility report [1], the mobile
data traffic per month is forecast to increase to 160 Exabytes
(EBs) in 2025 from 38 EBs each month in 2019, pushing
the endurance to the limits of our current cellular networks
architecture. To address this issue, caching at the network
edge side has been acknowledged as one of the promising
solutions [2], [3]. More precisely, the popular contents can
be stored by the cache entities in mobile terminals and
shared with neighbor subscribers via device-to-device (D2D)
communications, making a substantial part of preferred content
items ubiquitous to the consumers. From this point of view,
the construction of the complicated wireless transmission links
is not always necessary for each content requesting. As a
consequence, the average content delivery latency and the
backhaul transmission load are reduced and alleviated. In
recent years, D2D caching networks have received extensive
attentions [4]–[13]. To be more specific, the performance
comparison of D2D caching and small cell base station (BS)
caching is investigated in [4] with the information of con-
tent popularity and spatiotemporal request correlation taken
into account. Thereof, the authors reveal that D2D caching
provides higher opportunity to serve more users requests
simultaneously via short-distance cache-enabled D2D commu-
nication, especially when the user density is high. In [5], the
social-aware rate based content sharing mode selection scheme
for D2D caching system is studied to maximize the weighted
link capacity. The formulated optimization problem has been
transformed to a submodular welfare problem, which was
solved by a distributed algorithm. The joint cache placement
and content delivery is investigated in [6] to maximize the
content successful offloading ratio. Simulation results shown
the efficacy of joint optimization. The authors in [7] investigate
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the cache placement for D2D-assisted cellular networks to
maximize the achievable caching revenue by a multi-winner
auction approach. Thereof, several decision-making algo-
rithms with different time complexities are developed. It is
explicitly demonstrated by [8] that with the prior informa-
tion of users’ preference distribution, the optimized caching
placement for D2D networks achieves significant improve-
ment on content access delay and traffic offloading gain.
It is noteworthy that the contents can be partially cached
in [8], which is totally different from the caching mechanism
in [4]–[7], [9]–[13], where the caching decision indicator of
each item is a Boolean variable. Since the cache placement
algorithms for D2D caching network always have huge com-
putational complexity due to the large size of users set and
the contents library, clustering algorithms are adopted in [9]
and [10] to reduce problem’s dimensions via bundling users
into different small-size groups. With the obtained clusters,
cache decision is made to optimize various objectives. Specif-
ically, [9] targets at minimizing the average content delivery
latency while [10] aims to maximize the cache hit ratio of users
within each cluster. Recent works [11]–[13] apply machine
learning techniques into D2D caching networks to do cache
placement and user preference estimation.

Recommendation, on the other hand, has the capability of
reshaping the content request probabilities of different users,
which deeply influence the caching efficiency. It was precisely
demonstrated that the video view of YouTube and Netflix
induced by recommendation account respectively for 50% and
80% of the total views [14]–[16]. Thereby, considering caching
and recommendation independently cannot reach their full
benefits. Recommendation and caching are synergistic with
each other. Indeed, recommendation influences the content
request behaviors of users, which in turn affects the cache
decision making. In a nutshell, to construct user-friendly and
network-friendly wireless content caching systems, a coopera-
tive working mechanism should be considered between cache
decision making and recommendation optimization. Neverthe-
less, in existing wireless architectures, the recommendation
and content caching are in the charge of two independent
entities, i.e., the third-party content provider and the telecom-
munication operators, respectively. Fortunately, the fusion of
roles like content providers and telecom operators is speeding
up and becomes more and more evident, making the joint
optimization become a reality. Chatzieleftheriou et al. in [17]
first propose the application of recommendation in wireless
content caching networks and consider the interplay between
caching and recommendation. This idea is extended to generic
cache-assisted small cell networks in [18], and it is demon-
strated that through recommendation-aware caching, higher
cache hit ratio can be obtained. Recognizing that users’ asso-
ciation affects the cache hit, a joint user association, caching,
and recommendation decision-making problem is investigated
in [19]. Simulation results show the validity of user association
in terms of improving system’s cache efficiency. Later, many
studies are made to investigate the joint recommendation
and cache optimization under extensive performance metrics
[20]–[25]. To be more specific, the successful offloading prob-
ability maximization problem is studied via jointly optimizing

caching at the BS and personalized recommendation at users
in [20], [21]. Thereof, the authors characterize the successful
offloading ratio as the probability that a requested file of a
user can be retrieved from the content provider triumphantly,
i.e., the received signal-to-interference-ratio (SIR) is no less
than a pre-determined threshold. In [22], [23], the cache
hit ratio maximization problem for content caching based
networks with recommendation is investigated. Specifically,
in [22], a cache-aware recommendation algorithm is proposed
for the current economic ecosystem, wherein the collaboration
between network and content provider was not required.
Moreover, departing from the assumption of hard cache hits
in various existing works, [23] introduces the concept of soft
cache hits, in which, some related and locally cached items
will be recommended to user given that his/her requested con-
tents are not available. It is shown that soft cache hit achieves
enhanced caching gains. In contrast to [17]–[23], where single
content request mode is adopted, the authors of [24] opti-
mized the recommendation to obtain the minimum caching
cost of a sequential-content-access based caching network.
Nevertheless, the cache placement optimization is neglected
in [24], which is done by [25]. All the aforementioned
works [17]–[25] focus on scenarios where caching is con-
ducted at the BSs. For user side caching, [26] studies the
data offloading ratio maximization problem for cache enabled
mobile social networks, whereas, cache placement can only
be implemented at important users (IU), which is defined as
the users who act as a helper to provide contents for their
adjacent subscribers. The authors applied the notion of recom-
mendation, in this case however, the effect of recommendation
mechanism on content request of users is not quantitatively
characterized in the problem formulation, as it is done in this
work.

In summary, new research is called to enable
recommendation-aware D2D-enabled wireless edge caching
networks. This motivates us to explore how recommendation
can be used to enhance the gains of caching approaches in
edge side cache networks with D2D communications. To the
best of our knowledge, investigating the caching efficiency
maximization problem for D2D enabled wireless content
caching systems from a perspective of recommend-to-cache
has never been addressed by existing works. We distinguish
the primary contributions of this work as follows:

• We consider a generic D2D communication assisted
wireless content caching networks, wherein the role of
content provider for each user is modeled through the
social-aware value, which is further characterized by the
preference similarity as well as the distance between two
distinct users.

• We quantitatively illustrate how recommendation and
caching affect the system caching efficiency mathemat-
ically. Based on it, the caching efficiency maximization
oriented joint recommendation and caching problem is
formulated with the consideration of individual user’s
recommendation quality, recommendation quantity and
cache capacity requirements.

• We reveal the NP-hardness of the formulated maximiza-
tion problem with rigorous mathematical proof. To make
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Fig. 1. System model of the device-to-device (D2D) assisted wireless content
caching network. Thereof, users’ content requests are jointly determined by
their inherent preference as well as the system recommendation mechanism.

it tractable, we decouple the NP-hard problem into two
sub-problems and whereafter, two-side swapping oriented
algorithms are proposed to solve the sub-problems in
sequence. With the foregoing analysis, a time-efficient
suboptimal solution is designed, which works in an
iterative manner and has provable convergence guarantee.
The computational complexity of the proposed algorithm
is scrupulously analyzed as well.

• Monte-Carlo simulation is implemented to validate the
convergence performance of our designed algorithm and
highlight its caching efficiency enhancements when com-
pared to that of various baselines.

The rests of this paper are organized as follows: In
Section II, the architecture of our D2D assisted wireless
content caching network is introduced. Both the mechanisms
on recommendation and the definitions on caching efficiency
are presented in Section III. Therein, the computing method of
social-aware value between D2D users is elaborated as well.
With the above mentioned preliminaries, the caching efficiency
maximization oriented joint recommendation and caching
decision problem is formulated in Section IV. In Section V,
we reveal that the formulated maximization problem is
NP-hard with rigorous mathematical proof. To solve the
intractable problem efficiently, a time-efficient sub-optimal
algorithm is designed in Section VI. Numerical results are
presented in Section VII to show the validity of our joint
recommendation and caching strategy. In the end, we sum-
marize this work and propose several possible future research
directions.

II. SYSTEM MODEL

In this section, we first introduce the architecture of our
cache aided device-to-device (D2D) communication network.
Afterwards, the caching model at each subscriber is elaborated.

A. Network Description

As illustrated in Fig. 1, we consider a D2D assisted wireless
content caching system, in which a macro base station (MBS)

servers K uniformly distributed users within its disk region.
It is assumed that the users have the capabilities of content
caching, i.e., each user is equipped with a cache entity of
different size. Denote by K = {1, 2, . . . , K} the index set of
all the subscribers. In addition, let Bk be the cache capacity
of subscriber k, where k ∈ K. Our system includes N content
items, which can be distinct for different macro cells. Define
N = {1, 2, . . . , N} as the index set of all the items. For n ∈
N , let Ln in bits denote the size of content n. Moreover,
we define D†

k as the index set of all users that are located
within user k’s D2D communication region, where k ∈ K.
Without otherwise stated, in the following parts of this work,
the set D†

k of user k includes k itself. Furthermore, we declare
that both the MBS and the users are equipped with single
antenna.

Each user can request his/her intended content from its
local cache given that the requested content of user k happens
to be cached in its local storage, the construction of D2D
communication link or wireless communication link is not
needed. Otherwise, user k will broadcast the request to its D2D
neighbors.1 Suppose that some of the neighbors have this item
in their storages, user k will download this content through the
neighbor that induces the largest social-aware value2 via D2D
communication link instead of creating complicated wireless
channels with MBS. A wireless communication link will be
established between MBS and user k given that the intended
item is not cached by the local storage and all the possible
D2D providers of user k, i.e., this content will be retrieved
from the cloud server by MBS. To be more specific, after
receiving the requests from users, MBS first downloads the
required contents from the cache of cloud content provider
and then feedbacks the items to the corresponding users.
It is noticeable that the communication between MBS and
the content servers is conducted via backhaul link. Besides,
it is assumed that the content provider’s servers can offer
any requested items from the users, which can be seen as a
backup content delivery mode. Intuitively, the cache enabled
D2D communication is capable of alleviating the workload of
backhaul links.

B. Caching at Users

In this subsection, we discuss the caching model at different
users. For k ∈ K and n ∈ N , define the binary indicator ck,n

as the caching decision of user k in terms of content item n.
Specifically, ck,n = 1 means user k has item n in its cache and
ck,n = 0 otherwise. Under the cache size constraint, we have∑

n∈N
ck,nLn ≤ Bk, k ∈ K. (1)

Before ending this section, we declare that the radio resource
adopted by D2D communication as well as that used by
wireless communication are orthogonal with each other. Since
the radio resource for wireless communication links as well

1Note that the D2D communication coverage region of a user is limited.
Thereby, the user can only communicate with its neighbors located within its
D2D region.

2The definition of social aware rate between two distinct users will be
specified in Section III-B
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as the capacity of backhaul links are limited,3 our system is
inclined to pose less content requests to the MBS via jointly
optimizing the caching deployment and the recommendation
decision for each subscriber. It is worth mentioning that even
though the cache capacity of mobile user is in general not very
large, the cache storage of all the mobile devices can generate
a large virtual and unitive cache space. How to reap the full
benefits of the cache space is the emphasis of this article. In
addition, the radio resource management with fixed caching
and recommendation decision for our system can be conducted
via following the conventional resource management schemes
in cache based D2D systems [27].

III. RECOMMENDATION MECHANISM

AND CACHE EFFICIENCY

In this section, we first illustrate the notion of user pref-
erence distribution. Then, the concept of social-aware value
between users is introduced. Subsequently, we present our
designed recommendation mechanism4 as well as the asso-
ciated content request distribution of each user, wherein the
user-specific recommendation quality is taken into account.
Finally, the considered effectiveness metric for our cache aided
D2D system is explained.

A. User Preference Distribution

We assume that the N content items belong to M themes,
indexed by M = {1, 2, . . . , M}. It is important to note that
the M themes can be regarded as the feature sets that capture
different items in content library N . In addition, the definition
of theme can be diverse. For instance, the generalized concept
“video” can be classified as different categories, e.g., variety
entertainment, movie, talk show, music, etc. Nevertheless,
the category “movie” can be further divided into several sub-
themes, e.g., love, science fiction, comedy, animated cartoon,
history, and war movies, etc. The contents library in this work
can be either a main class or a distinct category. The specifics
of such classification is not the main focus of this paper.

For n ∈ N and m ∈ M, define f †
n(m) ∈ [0, 1] as the score

of item n in feature m, which represents how much item n
is correlate to theme m. For each content item, we normalize
these scores over all the themes and obtain the normalized
feature value of item n on theme m as follows:

fn(m) =
f †

n(m)∑M
m=1 f †

n(m)
, m ∈ M. (2)

In addition, let fn = (fn(1), fn(2), . . . , fn(M)) be the feature
vector of item n.

3Even though D2D communication also needs to use radio resource,
the communication cost is relative small due to its short distance when
compared to that of the communications between users and MBS, which
always have large distance-dependent path loss.

4Unless otherwise stated, the recommendation studied in this paper is
task-based [28]. More precisely, the recommendation is performed to return
optimized objective value in a specific task. Considering a time period of
a few hours or half of a day, the preference for each content per user can
be treated as fixed. In other words, the individual user’s recommendation
decision, and the cache placement are done once for such interval of time to
optimize system’s caching efficacy.

Similarly, for user k, a feature vector over all the themes
is characterized as well. For k ∈ K and m ∈ M, let
f †

k(m) ∈ [0, 1] represent the score of user k in category m,
which indicates how much user k likes the contents of theme
m. Thereby, we can obtain the feature vector of user k, which
is denoted by fk = (fk(1), fk(2), . . . , fk(M)), whose m-th
component is calculated as follows:

fk(m) =
f †

k(m)∑M
m=1 f †

k(m)
, m ∈ M. (3)

In this work, we assume that the aforementioned feature
vectors are prior information since they can be estimated
by content provision sites in accordance with the histori-
cal information of users’ contents requests and downloads,
as suggested by [11], [29], [30]. Particularly, via modeling
the user’s request behavior by probabilistic latent semantic
analysis (pLSA) and estimating the associated parameters by
the expectation maximization algorithm, the authors in [11]
predict the users’ preference distribution based on a Movielens
data set. Details are omitted here to avoid redundancy.

As far as the heterogeneity of different users, we assume
that each user has personalized preferences to the content items
in N . For k ∈ K and n ∈ N , define apref

k,n ∈ [0, 1] as the
preference of user k to item n, which can be acknowledged
as the probability that user k asks for item n. Based on [18],
the inherent preference of user k in terms of item n can be
jointly modeled by the feature vectors of k and n, i.e., fk and
fn, respectively. We adopt in this work the same generation
procedure as in [18] to construct the individual preference
distribution of user k over all the contents. It is characterized
by the cosine similarity index of the aforementioned two
vectors fk and fn, and is expressed as follows:

ãpref
k,n =

∑M
m=1 fk(m)fn(m)√∑M

m=1 (fk(m))2
√∑M

m=1(fn(m))2
,

k ∈ K, n ∈ N . (4)

We normalize the values of ãpref
k,n over all the items in N for

each user k, where k ∈ K. Then, the preference distribution
of user k in terms of content n is quoted below:

apref
k,n =

ã
pref
k,n∑N

n=1 ã
pref
k,n

, n ∈ N , (5)

where ãpref
k,n is given in (4). For notation simplicity, apref

k =
(apref

k,1 , apref
k,2 , . . . , apref

k,N ) is used to represent the preference dis-
tribution vector of user k, where k ∈ K.

B. Social-Aware Value

In practical D2D systems, the individual users are in general
intend to cache the content items that are ranked in their top
preferences. In other words, users are not willing to cache the
contents that are more attractive to other neighbor users but not
highly desired by themselves. This is reasonable, especially
when considering the selfish nature of human behaviour.
To address this issue, in this work, we assume that user k
only provides possible D2D-oriented supports for its socially
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Fig. 2. An example of socially-aware D2D communication system with
4 users and 5 contents, where the table represents the contents preference
ranking of each subscriber.

connected users. For k ∈ K, the socially-aware subscribers of
user k should satisfy the following criteria:

i. Located within the D2D communication region of
mobile user k.

ii. The social-aware value associated with user k is no less
than a pre-determined threshold, which is denoted by V̄k

for k ∈ K. The threshold is chosen by the user itself,
which indicates how selfish the user is.

The social-aware rate between user k and user k�, denoted by
Vk,k� , is characterized by two elements, namely the distance
between this pair of users and the preference correlation
of these two users, which are defined as dk,k� and Sk,k� ,
respectively. With above definitions, Vk,k� is given as follows:

Vk,k� � Sβ
k,k�/dα

k,k� , (6)

where k, k� ∈ K. α and β represent the weights of preference
similarity and the distance, respectively. In addition, they
satisfy α+β = 1. It is worth noting that, for user k�, the shorter
distance to user k and the higher preference correlation with
user k, the larger value of social-aware rate Vk,k� . An example
with 4 users and 5 contents is illustrated in Fig. 2. From which,
it is easy to see that V1,3 is larger than V2,3 due to the shorter
distance and higher similarity between user 1 and user 3 when
compared to that between user 2 and user 3.

In this work, we apply the cosine similarity as in [5] to
determine the preference correlation between users k and k�,
which is quoted below

Sk,k� � a
pref
k a

pref
k�

||apref
k || × ||apref

k� || , (7)

where ||x|| indicates the l2-norm of vector x.
Since user k can only receive contents from the sub-

scribers that are socially correlated with himself or her-
self via D2D communications, we define the social neigh-
bor set of user k as Dk. With aforementioned analysis,
we have

Dk = {k�|k� ∈ D†
k, and Vk,k� ≥ V̄k�}, k ∈ K. (8)

C. Recommendation Model

As above mentioned analysis, each user has an inherent
preference distribution to the content items in N , i.e., a

pref
k ,

where k ∈ K. Each user will request its desired contents
following this distribution without other external factors,

e.g., recommendation. Otherwise, the requests will be jointly
determined by both the inherent preference and the recom-
mendation mechanism. In the following paragraph, the rec-
ommendation model used in this article is introduced.

Given that the system conducts recommendations, the con-
tent request probability of each user will be definitely affected,
as discussed in [14]–[16]. Nevertheless, the investigation on
how the recommendation mechanism quantitatively affects
the content request of users is still in its infancy due
to the high complexity of human behavior. The authors
in [18], [31] have proposed some intuition or experiment
oriented methods. To be more specific, in [18] the ultimate
content request distribution of each user is designed as a
convex combination of the individual inherent preference
distribution and the recommendation probability distribution.
Meanwhile, the authors in [31] mapped the recommendations
for user k to a new distribution denoted by arec

k,n, where
n ∈ N , and the request probability of user k on item n
is shaped as max{arec

k,n, apref
k,n}. The recommended items for

each user have boosted request probabilities while the request
probabilities of the non-recommended items are decreased to
guarantee the request distribution remains normalized in the
above discussed two methods. In reality, the users may reject
the recommendations, especially when they do not identify the
quality of the recommended contents before they consume the
items. To characterize this feature, in this work, we follow
the model introduced in [17], and widely used, e.g. in [20],
[21]. We assume that user k accepts the recommendations
with a probability denoted by xk ∈ [0, 1]. In this aspect,
the rejection probability of user k to the recommendations
is (1 − xk) ∈ [0, 1]. In this work, it is assumed that xk is
a prior information and different mobile users have different
values of xk due to their heterogeneities in personality.

D. User Content Request Distribution

In the subsection, we reveal how recommendation affects
the content request probability of each subscriber mathemat-
ically by following the footsteps in [17]. For k ∈ K and
n ∈ N , define rk,n ∈ {0, 1} as the binary indicator to
represent whether content n is recommended to user k or not.
In particular, rk,n = 1 if the content item n is recommended
to user k and 0 otherwise. In addition, let Rk be the index
set of all the items that have been recommended to user k.
Therein, the cardinality of Rk is assumed to be Rk. It is
notable that Rk can be taken as the recommendation quantity
of user k. This kind of setting is necessary, especially for the
screen size limited customers, e.g., mobile phones, iPad and
lap-top, etc. Since scrolling down for a long recommendation
list is not user friendly. Besides, we define areq

k,n as the
ultimate request probability of user k with respect to item
n that is jointly determined by its inherent preference as well
as the recommendation mechanism. Specifically, the request
probability of user k to the recommended item n ∈ Rk is
expressed as follows:

âreq
k,n =

rk,napref
k,n∑

j∈Rk
apref

k,j

=
rk,napref

k,n∑
j∈N rk,ja

pref
k,j

, (9)
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where k ∈ K and n ∈ N . Meanwhile, the request probability
distribution of user k to the non-recommended item n ∈ N \
Rk is quoted below:

ãreq
k,n =

(1 − rk,n)apref
k,n∑

j∈N\Rk
apref

k,j

=
(1 − rk,n)apref

k,n∑
j∈N (1 − rk,j)a

pref
k,j

. (10)

Summarizing the above mentioned two-fold analysis into a
uniform formula, we obtain the request probability of user k
in terms of item n as follows:

areq
k,n = xkâreq

k,n + (1 − xk)ãreq
k,n

= xk

rk,napref
k,n∑

j∈N rk,ja
pref
k,j

+ (1 − xk)
(1 − rk,n)apref

k,n∑
j∈N (1 − rk,j)a

pref
k,j

,

(11)

where k ∈ K and n ∈ N . Thereof, âreq
k,n and ãreq

k,n are well
defined in (9) and (10), respectively.

Remark 1: Based on (11), it is easy to check that the
contents request distribution of user k, areq

k,n for n ∈ N ,
remains normalized, where k ∈ K.

E. Personalized Recommendation Quality

In this subsection, we give the definition of recommendation
quality, which is an important personalized metric in recom-
mendation system. Specifically, even though the recommenda-
tion system can reshape the content request probability of each
user, the inherent preference distribution of users should also
be taken into consider to avoid the psychological inversion of
users [32]. To alleviate this issue, a user-specific psychological
threshold is set for each subscriber to measure the quality of
the recommendation, which is denoted by Qk, where k ∈ K.
Under the recommendation quality constraint, we have∑

n∈N
rk,na

pref
k,n ≥ Qk, k ∈ K, (12)

where apref
k,n is defined in (5). In addition, we assume the value

of Qk is a prior information for k ∈ K, which can be estimated
from the interactive response system provided by content
service companies. A simplified example, the customers will
be labeled according to their historical behavior [33], the ones
that have relatively picky labels will be assign a Qk with
higher value, while the users with casual personality will
be given a lower threshold. Moreover, this value can also
be pre-determined by user itself to represent its personalized
requirement. Details about the methodologies on setting the
value of Qk are not explicitly discussed here.

F. System Effectiveness

In this subsection, we discuss the system performance
metric of this work. On one hand, for the mobile users,
the associated requirement is that their requested contents
can be provided by the edge caches. On the other hand,
the less content requests from users the lighter burden of the
wireless communication links and the backhaul transmission
links, which in turn reduces the content access latency and
improves users quality of experience. The above mentioned

two aspects can be well satisfied with a high content hit ratio
(CHR), which is defined as the probability that the required
contents of subscribers are cached by their socially connected
mobile terminals. As a consequence, in this work, we define
CHR as our system performance measurement.

With aforementioned definitions, the CHR of user k in terms
of requesting content item n is quantified below:

CHRk,n = areq
k,n × I(

∑
k�∈Dk

ck�,n), (13)

where k ∈ K, n ∈ N . In addition, I(x) is an indicator
function, and it is defined as follows:

I(x) =

{
1 if x > 0
0 otherwise.

(14)

Moreover, the definition of areq
k,n is given in (11). According

to (13), we can see that, from user k’s own selfish point of
view, caching the items within its effective D2D region that
has large value of areq

k,n increases CHR of user k dramatically.
However, the decision will be definitely affected when taking
the other socially connected users’ content request probability
into account. In addition, the caching decision of user k will
also be significantly affected by the caching states of the users
within its social neighbor set, referred to as Dk. Thereby, how
to apply the cache resource of all the mobile devices in a
federated and effective manner should be well investigated.

IV. JOINT RECOMMENDATION AND CACHE

DECISION PROBLEM FORMULATION

In this work, we target at maximize the CHR of all
subscribers via jointly optimizing content caching and rec-
ommendation decisions for each individual user. Let ck =
(ck,1, ck,2, . . . , ck,N ) and c = (c1, c2, . . . , cK) be the
cache decision of user k and the cache decision vec-
tor of the network, respectively. Similarly, define rk =
(rk,1, rk,2, . . . , rk,N ) and r = (r1, r2, . . . , rK) as the rec-
ommendation strategy vectors of user k and the system,
respectively. With the definitions, the CHR maximization ori-
ented joint cache placement and recommendation decision for
cache enabled D2D communication network is mathematically
formulated as follows:

maximize
r,c

∑
k∈K

∑
n∈N

CHRk,n P(1)

subject to

C1 :
∑
n∈N

ck,nLn ≤ Bk,

k ∈ K,

C2 :
∑
n∈N

rk,na
pref
k,n ≥ Qk,

k ∈ K,

C3 :
∑
n∈N

rk,n = Rk, k ∈ K,

C4 : rk,n ∈ {0, 1}, k ∈ K,

n ∈ N ,

C5 : ck,n ∈ {0, 1}, k ∈ K,

n ∈ N ,
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where CHRk,n in the objective function is well given in (13).
In addition, C1 indicates that the cache capacity of user
k cannot exceed its storage budget. Besides, C2 represents
users recommendation quality requirements as aforementioned
analysis. Moreover, C3 shows the constraint for the recommen-
dation quantity per user, where Rk represents the maximum
number of the recommended items for user k, where k ∈ K.
Furthermore, C4 and C5 depict the binary property of the
decision variables. For simplicity, we denote the formulated
CHR maximization problem as P(1), which is a non-convex
integer optimization problem, whose complexity is mathemat-
ically examined in next section.

V. PROBLEM COMPLEXITY ANALYSIS

In this section, we prove the NP-hardness of the content hit
ratio maximization problem P(1) with rigorous mathematical
proof. Details are presented in the following Theorem:

Theorem 2: P(1) is NP-hard.
Proof: The idea of the proof is to construct a

polynomial-time reduction mapping any instance of an
NP-hard problem to an instance of P(1). We say that P(1)
is NP-hard according to the transitivity of reduction [34]. The
NP-hard problem considered here is the multiple knapsack
problem (MKP), which has been well studied in [35]. It is
defined as follows:

maximize
y

K∑
k=1

N∑
n=1

pnxk,n (MKP)

subject to

C�
1 :

N∑
n=1

wnxk,n≤Wk, k∈K,

C�
2 :

K∑
k=1

xn,k ≤ 1, n ∈ N ,

C�
3 : xn,k ∈ {0, 1}, n ∈ N ,

k ∈ K,

where K denotes the number of knapsacks, and N is the
number of items. Parameters wn and pn represent the weight
and profit of item n, respectively. Besides, Wk denotes the
capacity of the k-th knapsack in constraint C�

1. The decision
variable xn,k is set to 1 if and only if item n is assigned to
the k-th knapsack. Constraint C�

2 ensures that each item n is
assigned to at most one knapsack.

Given an instance of MKP with the aforementioned para-
meters, we construct an instance of P(1) with K users and
N items. For each user k ∈ K and item n ∈ N , we set:
apref

k,n � pn�
N
i=1 pi

, xk � 1, Dk � K, Ln � wn, Bk � Wk,

Qk � 1, and Rk � N . Note that the user preference
distribution is normalized, i.e.,

∑
n∈N apref

k,n = 1, for all k ∈ K,
to be consistent with definition (5). Problem P(1) can be now
written as:

maximize
r,c

∑
k∈K

∑
n∈N

CHRk,n (MKP)

subject to

C†
1 :

∑
n∈N

wnck,n≤Wk, k∈K,

C†
2 :

∑
n∈N

rk,n
pn∑N
i=1 pi

≥ 1,

k ∈ K,

C†
3 :

∑
n∈N

rk,n = N, k ∈ K,

C†
4 : rk,n ∈ {0, 1}, k ∈ K,

n ∈ N ,

C†
5 : ck,n ∈ {0, 1}, k ∈ K,

n ∈ N .

Constraints C†
2 , C†

3 and C†
4 imply that rk,n = 1, for all

users k and items n. Hence, the objective function of P(1)
becomes:

∑
k∈K

∑
n∈N

CHRk,n =
∑
k∈K

∑
n∈N

(
areq

k,n × I(
∑
k�∈K

ck�,n)

)
, (15)

=
∑
k∈K

∑
n∈N

(
pn∑N
i=1 pi

× I(
∑
k�∈K

ck�,n)

)
,

(16)

=
K∑N
i=1 pi

∑
n∈N

(
pn × I(

∑
k�∈K

ck�,n)

)
.

(17)

Equation (15) comes from the fact that Dk � K. We then
derive (16) from the definition of a

req
k,n, the choice of a

pref
k,n, xk,

as well as from rk,n = 1 due to constraints C†
2 to C†

4 . We
multiply the objective function (17) by

∑N
i=1 pi/K to get the

following equivalent problem:

maximize
r,c

∑
n∈N

(
pn × I(

∑
k�∈K

ck�,n)

)
P �(1)

subject to

C†
1 :

∑
n∈N

wnck,n ≤ Wk, k ∈ K,

C†
5 : ck,n ∈ {0, 1}, k ∈ K, n ∈ N .

Since the social neighbor sets contain all users, i.e., Dk �
K, each item only needs to be cached by one user in an optimal
solution of P �(1). More precisely, we claim that there exists
an optimal solution c∗k,n satisfying

∑
k∈K c∗k,n ≤ 1, for all

n ∈ N . Indeed, let us consider an optimal solution such that
c∗k1,n = c∗k2,n = 1, for some n ∈ N and k1, k2 ∈ K. We have
I(
∑

k�∈K c∗k�,n) = 1. By setting c∗k2,n = 0, the indicator func-
tion remains the same, i.e., I(

∑
k�∈K c∗k�,n) = 1. Therefore,

when only one user cache item n, the objective value remains
optimal and C†

1 , C†
5 are still satisfied. Finding the optimal

value of P �(1) is thus equivalent to finding the optimal value
of the following problem P ��(1).

maximize
r,c

∑
k∈K

∑
n∈N

pnck,n P ��(1)
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subject to

C†
1 :

∑
n∈N

wnck,n≤ Wk, k∈K,

C†
5 : ck,n ∈ {0, 1}, k ∈ K,

n ∈ N ,

C6 :
∑
k∈K

ck,n ≤ 1, n ∈ N ,

where C6 has been added to ensure that each item is cached
by at most one user. We see that problem P ��(1) is equivalent
to MKP by rewriting ck,n as xk,n. Hence, we have constructed
a polynomial time reduction from any instance of the MKP to
an instance of P(1). We derive that P(1) is NP-hard due to
the NP-completeness of MKP [35]. �

VI. CACHING AND RECOMMENDATION

OPTIMIZATION ALGORITHMS DESIGN

In this section, the joint caching and recommendation opti-
mization for P(1) is studied, where we target at solving it in
a time-efficient manner since obtaining the optimal solution is
NP-hard. Towards this end, we first decouple P(1) into two
subproblems, i.e., cache placement with fixed recommendation
strategy and the recommendation decision under given caching
policy, respectively. Whereafter, the corresponding algorithm
for each subproblem is designed. Based on the two-tire analy-
sis, a joint cache placement and recommendation decision
algorithm is proposed, which is proceed in an iterative manner
and has guaranteed convergence performance. In addition,
we prove that our proposed joint decision algorithm has
polynomial-time computational complexity.

A. Optimization of Caching Decision

In this subsection, the caching placement for problem P(1)
is investigated with the prior information of recommendation
decision, i.e., r. Given r, P(1) is reduced to the following
problem P(2) with objective function

max
c

∑
n∈N

∑
k∈K

areq
k,n × I(

∑
k�∈Dk

ck�,n), (18)

and subjects to the constraints C1 and C5. In the objective
function of P(2), the content request probability a

req
k,n is

known with fixed r according to (11), where k ∈ K and
n ∈ N . In addition, from (18), we see that I is a function
of c. For simplicity, we rewrite I(

∑
k�∈Dk

ck�,n) as I(c).
Note that P(2) is an integer non-convex programming as well
since I(c) is non-convex,5 which is still intractable to solve.
To avoid combinatorial complexity in obtaining the optimal
solution, we propose a suboptimal caching decision algorithm
based on the concept of two-sided exchange, which ensures
a non-decreasing system CHR from any arbitrary initial state.
This will benefit the convergence performance of our joint
decision-making algorithm.

Before detailing the proposed algorithm, some definitions
are clarified. Denote by Ek the index set of the cached items
of subscriber k, where k ∈ K. Note that Ek can be mapped

5The detailed definition about the indicator function I is given in (14).

to the caching decision vector of user k, i.e., ck. In detail,
ck,n = 1 if and only if n ∈ Ek. For simplicity, we define the
mapping Ψ: Ek → ck as follows:

Ψ(Ek) � ck � (ck,1, ck,2, . . . , ck,N ), k ∈ K. (19)

In addition, we define Vk = N \Ek as the complementary set
of Ek, and let E = {Ek|k ∈ K} represent the caching policy
of the entire system. Similarly, another mapping Λ: E → c is
defined such that

Λ(E) � c � (c1, c2, . . . , cK). (20)

Thereby, we now can write CHRk,n in the objective function
of P(2) as the function of Λ(E) and r. Besides, denote by
CHR(r, Λ(E)) the cache hit ratio of the system under the
caching strategy Λ(E) and given r. Specifically, we have

CHR(r, Λ(E)) =
∑
k∈K

∑
n∈N

CHRk,n(r, Λ(E)). (21)

With aforementioned discussions, we specify the definition
of the swap-blocking pair of subscriber k as follows:

Definition 3: Given a pair of items (ik, jk) where ik ∈ Ek

and jk ∈ Vk, respectively. We say (ik, jk) is a swap-blocking
pair suppose that C1 under E �

k as well as the following
condition

CHR(r, Λ(E(k, ik, jk))) > CHR(r, Λ(E)) (22)

are satisfied, where E(k, ik, jk) � {Ej|j ∈ K\{k}, Ek = E �
k},

in which E �
k � Ek \ {ik} ∪ {jk}.

We claim that the concept of swap-blocking adopted in our
problem derives from matching theory [36]–[38]. In accor-
dance with Definition 3, the achievable cache hit ratio of our
system will increase given that the two-side exchange of items
in a swap-block pair is approved. Since the caching policy of
one subscriber affects the decisions of the other users mutually,
the caching deployments for all users should be designed
jointly. The proposed cache decision approach is an iterative
algorithm, where we assume that the initial cache strategies
of all users are based on the top-cache policy. In particular,
for subscriber k, it will cache the top-ranked items based on
its inherent preference distribution, a

pref
k , to make its cache

storage full, i.e., the following constraint

Bk − min
n∈Vk

Ln <
∑
n∈N

ck,nLn ≤ Bk

is satisfied.
In order to achieve a high content hit ratio, it is sensible to

approve the swapping of a pair items, denoted by (i‡k∗ , j
‡
k∗),

that induces the largest objective value of problem P(2), i.e.,

(i‡k∗ , j
‡
k∗) � argmax

(ik,jk)⊂Sk,k∈K
CHR(r, Λ(E(k, ik, jk))), (23)

in which

Sk � {(ik, jk)|ik ∈ Ek, jk ∈ Vk}, k ∈ K. (24)

We repeat the two-side exchange oriented steps until no
swapping pair can be found. For the sake of simplicity,
we summarize the pseudo-code of the proposed cache decision
approach to P(1) under given recommendation policy in
Algorithm 1.
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Algorithm 1 Cache Placement Algorithm
1: Given the pre-determined recommendation strategy r,

the initial cache decision vector c, and the auxiliary sets
Sk as expressed in (24). In addition, denote by K† = K.

2: repeat
3: Determine the pair (i‡k∗ , j

‡
k∗) based on (23), i.e.,

(i‡k∗ , j
‡
k∗) := argmax

(ik,jk)⊂Sk,k∈K†
CHR(r, Λ(E(k, ik, jk))).

4: if (i‡k∗ , j‡k∗) is a swap-blocking pair then
5: Let Ek∗ � Ek∗ \ {i‡k∗} ∪ {j‡k∗}.
6: Update ck∗ in accordance with (19), i.e., ck∗ :=

Ψ(Ek∗).
7: else
8: Keep the current caching policy.
9: end if

10: Update Sk∗ � Sk∗ \ {(i‡k∗ , j
‡
k∗)}

11: if Sk∗ = ∅ then
12: Denote K† � K† \ {k∗}.
13: end if
14: until No swap-blocking pair can be found
15: return the caching strategy ck for k ∈ K.

B. Optimization of Recommendation Decision

We investigate the optimization for recommendation deci-
sion, r, with fixed caching strategy, c, in this subsection.
It is worth noting that, given c, the indicator function I(c)
is determined, which can be acknowledged as the avail-
ability of content item n to subscriber k via D2D-enabled
edge caching, where k ∈ K and n ∈ N . Thereby,
how to conduct the recommendations is vital to maximize
the CHR of the system since r affects the coefficients
of I(c).

In accordance with the definition of content request proba-
bility in (11), the recommendation optimization for subscriber
k is independent with the other users’ strategies. Therefore,
the recommendation decision for all the subscribers with fixed
c can be divided into K parallel subproblems. Each user
solves its own recommendation decision making subproblem.
Without loss of generality, we choose user k as an example.
For user k, (s)he needs to optimize rk to maximize its caching
hit ratio. Define Uk = N \Rk as the supplementary set of the
recommended contents set of user k, i.e., Rk. We assume the
top-Rk most preferred items based on the inherent preference
in (5) are selected as the initial recommended contents of
mobile user k, where k ∈ K. Define the mapping Φ: Rk → rk

as follows:

Φ(Rk) � rk � (rk,1, rk,2, . . . , rk,N ). (25)

To be more specific, rk,n = 1 if n ∈ Rk and 0 oth-
erwise. Denote by CHRk(Φ(Rk), c) the cache hit ratio of
user k whose recommended items fall into Rk, therein
the caching decision is c. With aforementioned definitions,
we have

CHRk(Φ(Rk), c) �
∑
n∈N

areq
k,n × I(c). (26)

Algorithm 2 Recommendation Decision Algorithm for User
k
1: Given the caching placement strategy c and the initial

recommendations set Rk. Define an auxiliary set as G =
{(i, i�)|i ∈ Rk, i� ∈ Uk}.

2: repeat
3: Select (i, i�) ⊂ G.
4: if (i, i�) is a swap-blocking pair then
5: Let Rk = Rk \ {i} ∪ {j}.
6: Update rk based on (25), i.e., rk := Φ(Rk).
7: else
8: Keep the current recommendation pattern.
9: end if

10: Adjust G = G \ {(i, i�)}.
11: until No swap-blocking pair can be found for user k
12: return the recommendation decision of user k, i.e., rk.

Based on (11), it is easy to see that the request distri-
bution of user k, i.e., areq

k,n, is a non-convex function of
the recommendation vector rk. Therefore, to simplify the
algorithm, we propose a matching theory oriented method
to do the recommendation decision optimization, which has
similar properties to the methodology used in the caching
decision problem. Hereafter, we first give the definition of
a swap-blocking pair for user k via exchanging the items
between sets Rk and Uk, and it is given as follows:

Definition 4: For any pair of contents (i, i�) where i ∈ Rk

and i� ∈ Uk, we say (i, i�) is a swap-blocking pair provided
that C2 under R�

k as well as the following condition

CHRk(Φ(R�
k), c) > CHRk(Φ(Rk), c) (27)

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

Intuitively, the exchange of items i and i�, which come from
sets Rk and Uk, respectively, resulting in an increased CHR
value for user k. Based on this observation, the recommenda-
tion optimization algorithm is designed, whose main idea is
to do the swapping one by one until no swap-blocking pair
can be found for each subscriber. For brevity, the two-side
swapping oriented recommendation decision methodology for
user k is concluded in Algorithm 2.

C. The Joint Optimization for Cache Placement and
Recommendation Decision

In this subsection, we discuss the joint cache placement and
recommendation decision algorithm based on the aforemen-
tioned two-fold analysis. Wherein, the convergence as well as
the complexity of the proposed approach are investigated.

At first, some definitions are presented. For k ∈ K and
n ∈ N , define ck,n(t) as the cache decision of user k in
terms of content item n in the t-th iteration. In addition,
denote by ck(t) = (ck,1(t), ck,2(t), . . . , ck,N (t)) the caching
strategy of subscriber k in iteration t. Besides, let c(t) =
(c1(t), c2(t), . . . , cK(t)) be the caching policy of our method
in the t-th iteration. Moreover, it is assumed that c(0) is set by
the top-cache scheme as discussed in Section VI-A. Similarly,
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Algorithm 3 Joint Cache and Recommendation Optimization
Algorithm
1: Define the maximum iteration number as T . Determine

r(0) by the top-recommendation strategy, and initialize
c(0) based on the top-cache scheme. Let t = 1.

2: repeat
3: Obtain the caching police c(t) under fixed recommenda-

tion policy r(t− 1) according to Algorithm 1. Therein,
we claim that, the initial caching strategy of Algorithm 1
is set as c(t − 1).

4: Update the recommendation strategy r(t) with the
obtained caching strategy c(t) of last step in the light
of Algorithm 2. It is notable that, in this step, the initial
recommendation decision in line 1 of Algorithm 2 is set
to be r(t − 1).

5: Update t = t + 1.
6: until CHR(r(t), c(t)) cannot be further increased or the

maximum iteration number is reached, i.e., t > T
7: return the joint cache and recommendation decision

strategy (r, c)

we define r(t) as the recommendation decision in the t-th iter-
ation and set r(0) by the aforementioned top-recommendation
strategy. Furthermore, denote by CHR(r, c) the objective
function of P(1) under the optimized decisions (r, c).

With the definitions, the joint optimization algorithm is
expressed as follows: in the t-th iteration, with the obtained
recommendation strategy r(t − 1) in the (t − 1)-th iteration,
we obtain the optimized caching policy c(t) in accordance
with Algorithm 1, in which the initial cache decision vector
(in line 1 of Algorithm 1) is set to be c(t − 1). Based on
the resultant c(t), we determine the updated recommendation
scheme r(t) according to Algorithm 2, wherein the initial
recommendation policy in line 1 of Algorithm 2 is assumed to
be r(t − 1). These kinds of settings guarantee the optimized
strategy results in a monotonously increased objective value.
We repeat the aforementioned steps until that the value of
CHR(r(t), c(t)) cannot be further increased or the maximum
iteration number is reached. In the interest of conciseness,
the pseudo-code of our designed joint decision methodology
is summarized in Algorithm 3.

Lemma 5: The convergence of Algorithm 3 is warranted.
Proof: With foregoing analysis, it is easy to see that the

CHR of P(1) during the iteration is a monotonic increasing
sequence. According to (13), the objective value of P(1) is
upper bounded by K , the convergence is guaranteed [39]. �

In addition, the complexity of Algorithm 3 is elaborated in
the following proposition.

Proposition 6: Since Algorithm 3 is constituted by the rec-
ommendation optimization and the cache decision approaches,
i.e., Algorithm 2 and Algorithm 1, respectively, its complexity
shall be determined by these two algorithms. Specifically,
the complexity of Algorithm 1 is relates to the set size of Sk

for k ∈ K due to the application of two-side swapping, which
can be attained as O(KN2). Similarly, the time complexity of
Algorithm 2 is obtained as O(RkN).

Before ending this section, we declare that the binary
variables are in general coupled in the optimization problems
for recommendation-aware caching networks, these problems
are very challenging to be solved. A commonly used method-
ology is to decouple the variables, explore the solutions
for each individual subproblem, and alternatively optimize
the different types of variables. This research methodol-
ogy has been widely utilized by [17]–[21] and this work.
More precisely, the dynamic programming algorithm and a
simpler heuristic scheme are proposed to solve the cache
placement and recommendation decision subproblems, respec-
tively, in [17]. Nevertheless, our cache decision subproblem
is still a non-convex and non-linear integer programming
problem, which cannot be solved by the proposed method
in [17] directly. Thereby, a match theory oriented algorithm is
designed, which ensures a non-decreasing system CHR from
any arbitrary initial state. This will benefit the convergence
performance of our joint decision-making algorithm. Similarly,
our recommendation decision-making subproblem is also a
non-convex integer problem since the objective function is
non-convex to r. Thus, to avoid combinatorial complexity in
obtaining the optimal solution, a two-side swapping method is
designed, which has similar properties to the method used in
the caching decision problem. Note that both the pure cache
placement and the pure recommendation decision-making sub-
problems are linear integer programming problems in [17],
which, however, are non-convex integer problems in this
paper.

VII. NUMERICAL RESULTS

Monte-Carlo simulation is conducted in this section to show
the performance of our designed joint recommendation and
caching algorithm. The system parameters are summarized as
follows. The cell radius is set to be 250 m, where 20 users
uniformly distributed within its disk region, i.e., K = 20. The
D2D communication radius per user is assumed to be 25 m.
In addition, the contents number is set to be N = 50, which
are characterized by M = 10 themes. The feature vectors
of both users and contents are generated via a random walk
method. Without loss of generality, we assume each content
item has the same data size, which is normalized as 1, that is
Ln = 1 for n ∈ N . As a consequence, the cache capacity of
user k can be set to be an integer number, and we assume that
the users have the same size storage, i.e., Bk = B for k ∈ K.
Moreover, we consider the usage scenario where each user
has the same acceptance probability, the recommendation size,
the recommendation quality requirement and the social-aware
rate threshold, i.e., xk = X , Rk = R, Qk = Q and V̄k =
V are satisfied for k ∈ K, respectively. We declare that our
designed algorithm also appropriates for the scenarios where
Bk, xk, Rk, Qk, V̄k are disparate for k ∈ K. Without otherwise
stated, in the simulation, we assume that X = 0.618, Q =
0.08 and let α in (6) be α = 0.686, respectively [40], [41].
Furthermore, for the sake of obtaining complete picture of the
research focus, we model the preference distribution of each
user as follows:

apref
k = win

k ain
k +

(
1 − win

k

)
aout, (28)
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where ain
k represent the personalized content preference distri-

bution of subscriber k, the components of which are obtained
based on Section III-A, while aout represents the external
content preference distribution in accordance with the content
popularity, whose elements are generated according to the Zipf
distribution [8]. win

k ∈ [0, 1] depicts the weight of the inherent
content preference distribution. Note that let win

k = 1 for
k ∈ K, the preference distribution is exactly the one as defined
in Section III-A.

In addition, for performance comparison, the following
baselines are taken into considered:

• Baseline 1: Top cache and no recommendation. In this
scheme, user k caches the top preferred items based
on its inherent preference distribution, apref

k , to make its
cache storage full. In addition, no recommendation will
be conducted for each subscriber.

• Baseline 2: Top cache and top recommendation. In this
method, the caching policy is the same as that in Base-
line 1, while user k will be recommended by the top-Rk

contents based on a
pref
k , where k ∈ K.

• Baseline 3: Homogeneous cache and top recom-
mendation. In this strategy, each user will cache
the top ranked items in accordance with all the
users aggregated preference to stuff up their caches.
Thereof, the recommendation scheme is the same as
Baseline 2.

• Baseline 4: Homogeneous cache and homogeneous rec-
ommendation. The caching scheme of Baseline 4 is
identical with that of Baseline 3, while each user k ∈ K
will be recommended the top-Rk items based on the
aggregated preference of all subscribers.

• Revised CawR: In this strategy, the proposed CawR algo-
rithm in [18] is adopted with the difference that the cache
placement scheme is replaced by our devised method,
i.e., Algorithm 1. This is because the cache decision
procedure implemented in CawR is not applicable to our
case as stated at the end of Section VI.

Two system metrics are evaluated in this section: 1) the
convergence performance of our designed joint caching and
recommendation algorithm, and 2) the content hit ratio of
different schemes. Further, we consider different social-aware
rate thresholds, i.e., V , for each of the aforementioned metrics
since V affects the social neighbor set per user, which in turn
influences system’s CHR.

A. Convergence Performance

In this subsection, the convergence performance of our joint
decision algorithm is evaluated under extensive parameters
settings, as illustrated in Fig. 3 and Fig. 4. Thereof, the number
of the recommended item per subscriber is set to be R = 2.
In addition, the users preference distribution of Fig. 3 is
obtained by the manner introduced in Section III-A while that
of Fig. 4 is following by (28) with win

k = 0. We use the cache
hit ratio value during the iterations to show this performance.
To be more specific, the x-axis depicts the number of iter-
ations while the y-axis represents the cache hit ratio of the
system.

Fig. 3. Convergence behavior of our designed algorithm under different
values of V . Thereof, the content preference of each user is generated by the
method in Section III-A.

Fig. 4. Convergence behavior of our proposed algorithm under different
values of V , where the preference distribution per subscriber is characterized
by Zipf. Specifically, the Zipf component is set to be 0.5.

In Fig. 3(a) and Fig. 3(b), the D2D social aware rate
threshold is set to be V = 0.04 and V = 0.06, respectively.
From each of the sub-figures, we see that, our proposed algo-
rithm converges quickly under different settings. In addition,
a smaller value of cache capacity induces to a higher rate
of convergence since the size of swapping set decreases with
the decreasing of B. Besides, as expected, we see that a
large cache capacity induces to an enhanced cache efficiency.
Moreover, for any given cache capacity budget, the CHR of
the system is decreased with the increasing of V . This is due
to the fact that a large value of V reduces the set size of the
possible content provider for each user, which in turn lower
the probability of cache hit for D2D enabled content caching
networks.

In Fig. 4, we examine how the heterogeneity of user’s
content preference impacts the convergence performance of
our designed algorithm. The extreme usage scenario where
win

k = 0 is considered, which indicates that the content
preference distributions of all users are homogeneous. Similar
conclusions as that of Fig. 3 are attained, details are not
redundantly expressed here. In addition, with the same setting
of V , the performance of our method under win

k = 0 is better
than that of the scenario where win

k = 1 because the diversities
among users are eliminated in the first case, resulting in a high
cache hit probability for our joint decision algorithm.

B. Content Hit Ratio

Fig. 5 and Fig. 6 illustrate the cache hit ratios of our
proposed algorithm as well as the extensive baselines versus
the cache capacity budget per user. Thereof, the preference
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Fig. 5. Cache hit ratio versus cache capacity budget per user, where
the preference distribution of each user is characterized by the method in
Section III-A.

Fig. 6. Cache hit ratio versus cache capacity budget per user, where the
preference distribution of each subscriber is captured by Zipf with component
set as 1.1.

distribution parameter win
k in (28) are set to be 1 and 0,

respectively. In addition, the recommendation size is assumed
to be R = 5. We distinguish the observations from the two
figures in these following paragraphs.

First, we consider Fig. 5, in Fig. 5(a) and Fig. 5(b),
V is set to be 0.02 and 0.03, respectively. As expected,
the cache hit ratio of all the schemes increases with the
increasing of cache capacity budget. In addition, for any
given V , our designed scheme always achieves the optimal
performance as regards cache hit ratio owning to the jointly
optimized decisions. Besides, CawR is not the best, in partic-
ular when the cache capacity budget is high. This is because
without globally optimal cache placement, the termination
of CawR after a single recommendation amendment step
is not ensured, which leaves space for further performance
improvements as shown by our iterative joint optimization
algorithm. Moreover, Baseline 2 and Baseline 4 have better
performance than that of Baseline 3 since both of them adopt
the top cache and top recommendation mechanisms. Baseline
3 performs worse than the other three recommendation-aware
strategies because its recommendation is not seize the momen-
tum of caching policy, restricting to fully reap the gains
of caching to some extent. Furthermore, it is worth noting
that, a large value of V reduces the achievable cache hit
values of all the strategies (except Baseline 4) since the
possible content providers of each user are downsized. As far
as Baseline 4, all the users cache the same items and be
recommended by the same contents, the changing of V will
not affect the content provider probabilities of the adjacent
users.

Then, we apply Fig. 6 to explore the effects of heterogeneity
among users on the cache efficiency of all six approaches,

Fig. 7. Traffic offloading ration versus cache capacity budget per user.

i.e., we set win
k = 0. It can be seen that our developed scheme

outperforms the four baselines in all simulated scenarios,
as well as the Revised CawR benchmark. It is noteworthy that
with win

k = 0, three recommendation enabled benchmarks,
i.e., Baselines 2, 3 and 4 are reduced to one policy in
accordance with their definitions. Besides, the schemes with
recommendation outperform Baseline 1, therein no recom-
mendation is conducted, demonstrating the effectiveness of
recommendation mechanism. Besides, with the increasing of
V , the cache hit ratio of our scheme decreased slightly and that
of the other strategies remain unchanged due to their working
mechanisms. Moreover, via comparing Fig. 5 to Fig. 6, we see
that under the same system parameters, our proposed algo-
rithm with homogenous users preference distribution achieves
higher cache hit ratio when compared with that of the het-
erogenous case, which stays consistent with the foregoing
analysis.

Fig. 7 plots the BS traffic offloading ratios (TOR) of
different approaches, wherein the definition of TOR is fol-
lowed by equation (22) in [7]. More specifically, we stipulate
V = 0.02 and V = 0.03 for Fig. 7(a) and Fig. 7(b),
respectively. In both two figures, the x-axis and y-axis depict
the cache capacity budget per user and the value of TOR,
respectively. A higher value of TOR represents a larger number
of contents that are delivered by D2D communication, which
further expresses a reduced BS traffic load. Based on Fig. 7,
we observe that the TOR of each scheme increases with the
increasing of cache capacity budget per user. In addition,
we see that the proposed decision-making scheme induces the
highest TOR. For example, when V = 0.02 and B = 3,
the TOR of our developed optimization strategy is 70.9%,
29.1%, 151.0%, 431.4%, and 36.5% more than Baseline 1,
Baseline 2, Baseline 3, Baseline 4, and Revised CawR, respec-
tively, showing the capability of our algorithm in terms of
alleviating BS’s traffic pressure. Furthermore, via comparing
Fig. 7(a) with Fig. 7(b), a larger value of V results in an
decreased value of TOR for each scheme. This is because,
increasing V degrades the capability of D2D communication
between users. This observation is consistent with the analysis
in Fig. 5.

Subsequently, we investigate the effect of recommenda-
tion quality threshold, i.e., Q, on the performance of our
devised joint optimization algorithm in terms of cache hit
ratio, as demonstrated by Fig. 8. Therein, the recommendation
quantity per user and the social-aware rate threshold are set to
be R = 10 and V = 0.03, respectively. In addition, we assume
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Fig. 8. Cache hit ratio of our propose scheme versus cache capacity budget
under different recommendation threshold, Q.

Fig. 9. Cache hit ratio versus recommendation size per user.

win
k = 1. Note that similar trends are attainable for other

parameters settings, which are not plotted here for simplicity.
From Fig. 8, we notice that a higher value of Q induces a
reduced cache hit ratio due to the fact that increasing the value
of Q downsizes the total number of feasible recommendation
combinations, which can be seen from C2 of P(1) as well.
This, in turn, degrades the performance of our optimization
approach.

At last, we examine in Fig. 9 the effect of recommendation
size on cache efficiency among different schemes. Thereof,
the cache capacity budget per subscriber is assumed to be 2.
Specifically, in Fig. 9(a) and Fig. 9(b), we consider win

k = 1
and win

k = 0, respectively. We first focus on Fig. 9(a).
It can be seen that, our proposed scheme always has the
highest cache hit ratio among all the strategies, while the
Revised CawR is usually the second best performing strategy.
Besides, with the increasing of recommendation size, all
the recommendation-aware methods have the reduced cache
efficiency values, which is in consistent with the findings
in [17]–[19]. The reason is two-fold. On one hand, a large
number of recommendations making the preference distribu-
tion more flat, which is unprofitable to the cache efficiency’s
enhancement. On the other hand, increasing the number of the
recommended items induces boosted request probabilities for
these contents to some extent. Nevertheless, the cache size
is limited, which can not fully bear the recommendations,
resulting in a decrease cache hit probability. Moreover, it is
noticeable that the performance loss of our algorithm is not
so much remarkable with the increasing of R, since for the
proposed algorithm, the caching policy and the recommenda-
tion decision are iteratively optimized. This in return demon-
strates how the recommendation and caching optimization in
the proposed scheme can be useful for improving caching
efficiency. Meanwhile, from Fig. 9(b), we see that, all the

recommendation enabled schemes outperform Baseline 1. Fur-
thermore, when compared Fig. 9(b) with Fig. 9(a), it is notice-
able that, the homogeneous preference distribution accom-
panied by an enhanced cache efficiency for Baselines 3,
Baseline 4, and Revised CawR. Since Baseline 2 reduces to
be Baselines 3 and 4, its performance is decrease when each
user has homogenous preference distribution.

VIII. CONCLUSION

In this work, we examined how recommendation can
be implemented to enhance the caching efficiency of D2D
enabled wireless content caching networks. Towards this end,
a cache hit ratio maximization problem was formulation. To be
more specific, we quantitatively characterized how cache hit
ratio can be jointly affected by recommendation and caching.
In addition, the user specific recommendation quantity, rec-
ommendation quality as well as cache capacity budget were
taken into account. We demonstrated the NP-hardness of the
maximization problem with rigourous mathematical proof.
To make the NP-hard problem tractable, we decoupled the
original problem into two subproblems, whereafter the corre-
sponding approaches were designed. Based on that, an iterative
algorithm was proposed to obtain the joint decision policies,
which had provable convergence guarantee and polynomial
time complexity. Extensive numerical results revealed the
effectiveness of our designed versatile algorithm compared to
various baselines. Notice that the successful implementation
of wireless edge caching is crucially depends on joint content
delivery, cache placement, or/and recommendation decisions,
future work will involve the joint optimization for the forego-
ing three aspects.
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