
1610 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 18, NO. 3, MARCH 2019

Multi-Agent Reinforcement Learning for Efficient
Content Caching in Mobile D2D Networks

Wei Jiang , Gang Feng, Senior Member, IEEE, Shuang Qin, Member, IEEE,
Tak Shing Peter Yum, Fellow, IEEE, and Guohong Cao, Fellow, IEEE

Abstract— To address the increase of multimedia traffic
dominated by streaming videos, user equipment (UE) can collab-
oratively cache and share contents to alleviate the burden of base
stations. Prior work on device-to-device (D2D) caching policies
assumes perfect knowledge of the content popularity distribution.
Since the content popularity distribution is usually unavailable
in advance, a machine learning-based caching strategy that
exploits the knowledge of content demand history would be
highly promising. Thus, we design D2D caching strategies using
multi-agent reinforcement learning in this paper. Specifically,
we model the D2D caching problem as a multi-agent multi-
armed bandit problem and use Q-learning to learn how to
coordinate the caching decisions. The UEs can be independent
learners (ILs) if they learn the Q-values of their own actions,
and joint action learners (JALs) if they learn the Q-values of
their own actions in conjunction with those of the other UEs.
As the action space is very vast leading to high computational
complexity, a modified combinatorial upper confidence bound
algorithm is proposed to reduce the action space for both IL and
JAL. The simulation results show that the proposed JAL-based
caching scheme outperforms the IL-based caching scheme and
other popular caching schemes in terms of average downloading
latency and cache hit rate.

Index Terms— D2D caching, multi-agent, reinforcement
learning.

I. INTRODUCTION

THE explosive growth of mobile devices and mobile
internet applications brings great convenience to society.

It also creates tremendous traffic demand which challenges
the design of next generation mobile communication systems.
Cisco [1] predicted that mobile traffic will increase 7-folds
from 2016 to 2021. Studies [2], [3] also revealed that a major
portion of the increased traffic is the duplicated downloads of
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popular video files from remote servers, and thus local content
caching and sharing can alleviate the congestion in mobile
networks.

Content distribution networks (CDN) together with Peer-to-
Peer (P2P) networks [4] have been widely used for streaming
video traffic in the Internet. In CDN, popular video files are
cached in proxies or intermediate servers so that they can
be directly streamed to clients instead of from the home
servers [5]. Similar ideas have been applied to wireless
networks, where access nodes (such as access points, base
stations) are used to cache popular video files to reduce net-
work traffic and improve users’ Quality of Experience (QoE)
[6]–[13]. Similar to P2P, Device-to-Device (D2D) commu-
nication has been proposed in 3GPP 4G LTE-A [14] to
enable multiple direct transmissions between pairs of near-by
devices in cellular systems [15]. Meanwhile, state-of-the-art
user equipment (UE) such as Apple X and Huawei
Mate 10 have been equipped with AI chips capable of execut-
ing AI algorithms in addition to larger storage, longer battery
life and more accurate GPS location [16]. Such advanced
features allow UEs to play an active role as caching servers
in content distribution.

Content distribution in wireless networks is quite differ-
ent from that in the Internet. First, the service coverage of
a UE is limited by its transmission power. Second, the cache
hit rate of cached content items could be rather low in mobile
D2D networks due to the limited number of UEs in a cell.
Third, although the storage in UEs has greatly increased in
recent years, it is still much smaller than that of CDN servers.
Therefore, the design of efficient caching strategies is crucial
to the successful content sharing in mobile D2D networks.

Many recent studies on D2D caching assume the knowledge
of content popularity distribution (the expected number of
requests per content item) is available in advance [17]–[20].
A few machine learning methods have been proposed to
estimate the content popularity distribution at the Base Stations
(BSs) for D2D caching [21]. However, the estimated content
popularity distribution is based on all UEs in the whole cell,
which may not reflect the preference of individual UE (referred
to as the user’s content access pattern), and hence may not
perform well when being used for determining what content
each UE should cache.

Enabled by Artificial Intelligence (AI) technology, state-of-
the-art UEs of D2D mobile networks can use learning methods
to learn what to cache in a distributed way. They can also learn
from each other in multi-agent settings where the behaviors
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of other UEs are unknown in advance. Multi-agent learning
is complicated by the fact that other UEs may be learning
simultaneously, creating a non-stationary environment for a
specific UE.

In this paper, we take a more realistic approach, and
design content caching strategies in mobile D2D networks
using multi-agent reinforcement learning without assuming
the knowledge of content popularity distribution. Specifically,
UEs are treated as agents, content items as arms, caching
decisions as actions, the reduction of downloading latency as
caching reward. Then, we formulate the D2D caching problem
as a multi-agent multi-armed bandit (MAB) learning prob-
lem to maximize the expected total caching reward. We use
the well-understood reinforcement learning algorithm called
Q-learning to learn how to coordinate the caching deci-
sions in multi-agent systems. UEs are independent learn-
ers (ILs) if they apply Q-learning in the same way as in
the single agent system, ignoring the caching decisions of
other UEs. As the action space is very large leading to
high computational complexity, a corresponding IL modified
combinatorial upper confidence bound (MCUCB) solution is
proposed to reduce the action space. The IL-based solution
can be justified when other UEs’ caching decisions do not
change, but may fail when other UEs adapt their caching
decisions. To address this problem, UEs should be joint action
learners (JALs); i.e., to learn the Q-values of their own actions
in conjunction with those of other UEs. Then, a corresponding
JAL MCUCB algorithm is proposed to reduce the action space.
Evaluation results show that the proposed JAL-based caching
scheme outperforms IL-based caching scheme and other pop-
ular caching schemes in terms of average downloading latency
and cache hit rate.

In the following, we introduce related work and the system
model in Section II and Section III, respectively. In Section IV,
we formulate the D2D content caching problem as a multi-
agent MAB problem. In Section V, IL-based and JAL-based
methods are presented. In Section VI, we evaluate the per-
formance of these two algorithms by simulations. Finally,
we conclude this paper in Section VII.

II. RELATED WORK

D2D caching strategies can be broadly classified as those
with perfect knowledge of content popularity distrobution and
those without.

A. D2D Caching Strategies With Perfect Knowledge of
Content Popularity Distribution

Most relevant studies belong to this type. The fundamen-
tal limits of caching in wireless D2D networks have been
investigated in [17]. In [18], an optimal dual-solution search
algorithm was proposed for maximizing the average cache hit
rate in D2D caching. In [19], a joint design of the transmission
and caching policies was presented by assuming that the
content popularity distrobution is known in advance. Consid-
ering heterogeneous environments where both BS caching and
D2D caching are used, an optimal cooperative caching policy
was proposed in [20].

B. D2D Caching Strategies Without Perfect Knowledge of
Content Popularity Distribution

There is very little related work in this area. In [22],
the authors propose a transfer learning-based caching proce-
dure to exploit the rich contextual information extracted from
source domain. This prior information is incorporated in the
so-called target domain where the goal is to optimally cache
strategic contents at a small cell. The authors of [23] model
the caching problem in a small BS (SBS) as a combinatorial
MAB problem, and propose several learning algorithms to
optimize the cache content. In [24], the authors use an upper
confidence bound (UCB)-type algorithm to learn the content
popularity matrix. They then present a novel caching strategy
that uses the learned content popularity matrix to optimize
the cache content placement by taking into account users’
connectivity to the SBS. These approaches are designed for
SBS caching and only consider the single agent cases, which
are inappropriate for D2D caching.

In [25], the authors propose a socially-aware D2D caching
policy which takes into account the social ties and interest
similarities among users. They measure the interest simi-
larities among users through learning users’ cached content
items. Exploiting proactive caching, the authors of [21] pro-
posed a novel caching paradigm which assumes non-perfect
knowledge of the content popularity distribution. Supervised
machine learning and collaborative filtering techniques are
used to estimate the content popularity distribution. Since
content popularity distribution may not reflect the prefer-
ence of individual UE (i.e., user’s content access pattern),
the authors in [26] proposed to learn user’s content access
pattern. The caching policy was optimized with user’s content
access pattern to improve performance. These approaches are
based on supervised learning and require training sets. Since
appropriate training sets are hard to get, an online learning
method should be proposed to learn the user’s content access
pattern over time. In [27], we have proposed a reinforcement
learning based algorithm for D2D caching. Although it is
shown that the proposed algorithm outperforms other popular
caching schemes, the computational and spatial complexity
is high. Hence, a more efficient learning based D2D caching
policy is needed.

III. SYSTEM MODEL

The system model of D2D caching is illustrated in Fig. 1.
A cell with U randomly distributed UEs, denoted as U =
{1, 2, . . . , U}. UEs can request any content item from a
content item set F = {1, 2, . . . , F}. Each content item f is
of size sf and each UE u has a local cache with a storage
capacity of Su. UEs share cached content via D2D links. The
BS is connected to the core network via backhaul. We assume
that the BS has a cache memory large enough to store the
entire content directory [8]. The assumption is justified by the
fact that the BS can easily retrieve any content item from
the core networks if the content item is not cached.

Assume there is a resource scheduler that allocates fre-
quency sub-channels to D2D users dynamically to avoid
interferences [15]. Let lu ∈ R

2 denote the location of UE u.
We present a simple communication protocol to determine
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Fig. 1. System model of the D2D caching system, where (a), (b)
and (c) represents local cache hits, D2D cache hits and BS cache hits,
respectively.

the set of neighboring UEs for each UE. Essentially, we let
UE v at location lv communicate with UE u at loca-
tion lu if ‖lu − lv‖ < RD2D, RD2D > 0. The set
of potential neighbors of UE u is denoted as N (u) =
{v |v ∈ U , ‖lu − lv‖ < RD2D }.

We use SNR to compute the transmission rate. The SNR of
D2D links and BS-UE communication links are SNRD2D =
PD ·GD2D/σ2

N and SNRBS−UE = PBS ·GBS−UE/σ2
N

respectively, where σ2
N is the Gaussian white noise power.

PD and PBS denote the transmission power of UE and BS
respectively. Let GD2D and GBS−UE denote the channel
gain of each communication link for the D2D pair and BS
to UE respectively. The channel gain of D2D and BS-UE
links is given by GD2D=κ · dD2D

−ε and GBS−UE = κ ·
dBS−UE

−ε respectively, where κ and ε denote the pathloss
constant and exponent respectively. Let d be the path dis-
tance. Therefore, the downloading rate of a UE from D2D
and BS is wD2D = BD2D · log2(1 + SNRD2D) and
wBS−UE = BBS−UE · log2(1 + SNRBS−UE) respectively,
where BD2D and BBS−UE denote the allocated bandwidth
to each link, given by total bandwidth×spatial reuse/number
of UEs. Hence, we can calculate the downloading rate of UE u
from neighbor v and BS, denoted by wuv and wu0 respectively,
and wuv = 0 when v /∈ N (u). With these assumptions,
we can obtain the latency of UE u downloading content item
f from neighbor v ∈ N (u) and BS as τf

uv = sf/wuv and
τf
u0 = sf/wu0, respectively, and τf

uv = ∞ when v /∈ N (u).
We define a set of neighbors of UE u with wuv > wu0, v ∈
N (u) as N ′ (u).

Time is divided into periods. Within each time period, there
is a user request phase and a cache replacement phase. In the
user request phase, let dT

u,f denote the number of times UE
u requests content item f within time period T , which is an
independent identically distributed (i.i.d) random variable with
mean θu,f = E

(
dT

u,f

)
. For simplicity, we assume that u’s

requests occur independently following Poisson processes with
average rate Nu (arrival/time period). Furthermore, we assume
each UE’s content access pattern follows Zipf distribution [26].
Hence, the expected number of request for content item f in
one time period is θu,f = Nu · |Δu,f |−γu/

∑
i∈F i−γu , u ∈

U , f ∈ F , where γu is the shape factor of ZipF distribution

and Δu,f is the popularity rank of content item f in UE u,
i.e., different UEs may have different preferences for content
items. In this work, we take a more practical scenario that Nu,
γu and Δu,f are unknown to UEs in advance.1

UE’s content request can be served by local cache, other
UEs or the cellular BS. When a content request occurs,
the content retrieval protocol is as follows:

(a) Local cache hits: When UE u needs content item f ,
it first checks its local cache and retrieves it immediately if
found. We call this “local cache hits”.

(b) D2D cache hits: If the exact content item has not been
stored in the local cache, and there is at least one neighbors
in N ′ (u) has a copy, the required content item would be
transmitted from a neighbor via a D2D communication link,
termed as “D2D cache hits”. Note that the “D2D cache hits”
only allows content request to be served by a UE in proximity
which has already cached it. This is in contrast to delay
tolerant network (DTN) that allows multi-hop content delivery.

Moreover, we assume that D2D networking participants
are willing to share content items based on some incentive
schemes [28]. For example, UEs can obtain some rewards
when transmitting content items to others, and can use
those rewards for downloading required content item from
other UEs.2 The UEs can benefit from receiving rewards
by serving other UEs and enjoying lower delay with more
D2D services.

(c) BS cache hits: If the content request is not available
locally or through neighbors, a request is sent to and fulfilled
by the BS.

In the cache replacement phase, which is considered of
negligible duration, UEs refresh content items in their local
cache according to a caching strategy.

IV. PROBLEM FORMULATION

In this section, we model the D2D caching problem from
a multi-agent reinforcement learning perspective. Specifically,
we model the D2D caching problem which minimizes the total
downloading latency of all UEs as a multi-agent MAB problem
in which UEs learn from the historical downloading latency
to adjust their caching strategy.

A. Multi-Agent Multi-Armed Bandit Problem

MAB is a problem extensively studied in statistics and
machine learning. The classical version of the problem is
formulated as a system of M arms each having an unknown
distribution of the reward with an unknown mean. The agent
plays these arms repeatedly, based on its current knowledge,
in order to maximize the accumulated reward overtime, while
simultaneously acquiring new knowledge.

As it is well known in the MAB literature, there is a tradeoff
between the exploration of new arms (i.e., learning their

1We assume each UE periodically broadcasts its currently cached content
items. UEs send content requests to their neighbors depending on the
availability of the content item. Then, each UE can observe its serving UEs’
requests of the content item in its storage, but it may not know other UE’s
instantaneous demand. Hence, the overall user’s content access pattern is
unknown to these UEs.

2The rewards could be of any form, such as monetary value or virtual credits,
and can be paid to the UEs under specific protocols.
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mean rewards) and the exploitation of known arms
(i.e., achieving the highest empirical rewards). If the expected
rewards of arms were known, the optimal policy would always
pull the arm that offers the highest expected reward. The
regret of a policy is the difference between its accumulated
reward and that of the optimal policy. Existing results show
that one can achieve a regret of O (log N) when playing arms
in N rounds.

There are several variants of the classical MAB model,
and one of them is the combinatorial MAB (CMAB) [29].
In the CMAB model, we allow m < M active arms
at each decision time. The objective of CMAB is iden-
tical to that of the classical MAB model. Applied to
multi-agent system, the reward obtained by playing a set
of arms is associated with other agents’ decision. Next,
we formulate the D2D caching problem which minimizes
the total downloading latency of all UEs as a multi-agent
CMAB problem.

B. Multi-Agent CMAB Problem for D2D Caching

Each UE u is treated as an agent and each content item f
is treated as an arm. The decision of whether f should be
cached or not, is treated as action, denoted as au,f , i.e.,
au,f = 1 if u caches f and au,f = 0 otherwise. Each
u can cache several content items at the same time. Note
that the total size of the cached content items cannot exceed
its storage capacity, i.e.,

∑
f∈F sf · au,f ≤ Su. We define

Au = {(au,1, au,2, . . . , au,F )|∑f∈F sf · au,f ≤ Su, au,f ∈
{0, 1}, f ∈ F} as the set of super actions for UE u.
In time period T , each u independently selects an super action
aT

u ∈ Au to play. The selected super actions of all
UEs in time period T constitute a joint super action
aT

1 , . . . , aT
U .

The downloading latency of UE u for content item f in
time period T is

LT
u,f = (1− aT

u,f ) ·
[
ZT

u,f + τf
u,0 ·

∏
i∈N ′(u)

(1− aT
i,f )

]
,

where (i)u is the UE with the i-th lowest latency for UE u

and ZT
u,f =

|N ′(u)|∑
i=1

(τf
u,(i)u

·
i−1∏
j=1

(1 − aT
(j)u,f ) · aT

(i)u,f ) is the

lowest latency for UE u to fetch content item f from N ′ (u).∏
i∈N ′(u)

(1− aT
i,f ) is the indicator function for the condition

that content item is not found in N ′ (u).
The reward of u for f is defined as the reduction in the

downloading latency.

Y T
u,f = τf

u,0 − LT
u,f . (1)

UE u should pay a portion of reward Y T
u,f to UE vT

u,f ∈ U
who fulfills the requests. Therefore, the reward of u for
downloading f is (1 − r) · Y T

u,f and the reward of UE vT
u,f

for delivering f to u is r · Y T
u,f , where 0 ≤ r ≤ 1 is the

proportional factor.

Then, the reward u receives for f in time period T with
joint action aT

1,f , . . . , aT
U,f is defined as,

RT
u,f (aT

1,f , . . . , aT
U,f ) = dT

u,f · (1 − r) · Y T
u,f

+
∑
i∈U

u=vT
i,f

dT
i,f · r · Y T

i,f . (2)

The total reward u receives in time period T with joint super
action aT

1 , . . . , aT
U is defined as,

RT
u (aT

1 , . . . , aT
U ) =

∑
f∈F

dT
u,f · (1 − r) · Y T

u,f

+
∑
f∈F

∑
i∈U

u=vT
i,f

dT
i,f · r · Y T

i,f . (3)

The expected total reward u receives in time period T with
joint super action aT

1 , . . . , aT
U is given by,

ΥT
u (aT

1 , . . . , aT
U ) = E

(
RT

u (aT
1 , . . . , aT

U )
)

=
∑
f∈F

[θu,f · (1 − r) · Y T
u,f +

∑
i∈U

u=vT
i,f

θi,f · r · Y T
i,f ]. (4)

Let aT
u (πu) ∈ Au denote the super action selected by u

in time period T according to caching policy πu. A policy
profile is a collection Π = {π1, π2, . . . , πU} of policies for
each UE. The objective is to find the optimal policy Π∗,
which maximizes the expected total reward over a long time
horizon N . The multi-agent CMAB problem for D2D caching
can be expressed as follows:

Π∗ = arg max
Π

N∑
T=1

U∑
u=1

ΥT
u (aT

1 (π1), aT
2 (π2), . . . , aT

U (πU )).

(5)

The multi-agent CMAB problem for D2D caching is a
special case of the general-sum n-player game, as general-
sum n-player games allow the agents’ rewards to be arbitrarily
related [30]. Based on results in [30] and [31], the general-
sum n-player game has at least one Nash equilibrium. The
baseline solution for general-sum n-player games is to find a
Nash equilibrium [31]. A Nash equilibrium is a joint strategy
where each agent’s strategy is the best response to the others’
strategy. We denote by Π−u = {π1, . . . πu−1, πu+1, . . . , πU}
a reduced strategy profile for UE u. Given a profile Π−u,
strategy πu is the best response for u if the expected reward
of the strategy profile Π−u ∪ {πu} is maximal for u. In other
words, u could not do better using any other strategy πu

′.
Finally, we say that the strategy profile Π is Nash equilibrium
if Π[u] (u-th component of Π) is a best response to Π−u,
for every u ∈ U . Note that an equilibrium (or joint action) is
optimal if no other strategy can achieve greater value.

Proposition 1: The optimal strategy Π∗ for problem (5) is
also the optimal D2D caching strategy which maximizes the
expected total reduction in downloading latency.
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Proof: According to Equations (1) and (4), we have

N∑
T=1

U∑
u=1

ΥT
u (aT

1 (π1), aT
2 (π2), . . . , aT

U (πU ))

=
N∑

T=1

U∑
u=1

∑
f∈F

[θu,f · (1− r) · Y T
u,f +

∑
i∈U

u=vT
i,f

θi,f · r · Y T
i,f ]

=
N∑

T=1

U∑
u=1

∑
f∈F

θu,f · Y T
u,f

=
N∑

T=1

U∑
u=1

∑
f∈F

θu,f · (τf
u,0 − LT

u,f).

Hence, the objective function of problem (5), i.e.,
the expected total reward of all UEs is equivalent to the
expected total reduction in downloading latency.

For a more practically scenario where user’s content access
pattern is not known in advance, this problem cannot be solved
by using optimization or game theory. Action selection is
difficult if UEs are unaware of the expected reward associated
with various super actions. In our multi-agent systems, action
selection is more difficult if UEs are unaware of the expected
reward associated with various joint super actions. In such
a case, multi-agent reinforcement learning can be used by
UEs to estimate the expected reward associated with individ-
ual or joint super actions based on past experience. In the
next section, we propose multi-agent reinforcement learning
approaches for solving this problem.

V. MULTI-AGENT REINFORCEMENT LEARNING-BASED

D2D CACHING POLICIES

Reinforcement learning can be used by agents to learn
how to coordinate their action choices in multi-agent systems.
A simple, well-understood reinforcement learning algorithm
is Q-learning. The usefulness of performing an action is
represented by a numerical value known as the Q-value,
i.e., an expected cumulative reward for taking a particular
action at a specific state. The job of a Q-learning algorithm
is to estimate the Q-values for every action at every state.
In some cases where an environment is not represented by
states. Instead, only the action space is considered, and thus
the standard Q-learning is typically simplified to its stateless
version [32]. This is also the case investigated in this paper.
The formulation of Q-learning for general sequential decision
processes is more sophisticated than what we need here.
Hence, in our stateless setting, the multi-agent reinforcement
learning model consists of three elements: agent, action and
reward, where agents are defined as UEs, actions are defined
as caching decisions, and rewards are defined as the reductions
of downloading latency. For each agent u, we assume the value
Qu(a) can provide an estimate of the usefulness of performing
action a in the next time period and these values are updated
according to the reward received for the action. There are
two ways Q-learning could be used in a multi-agent system.
We say agents are independent learners (ILs) if they learn the
Q-values of their own actions, and joint action learners (JALs)

if they learn the Q-values of their own actions in conjunction
with those of other agents via integration of reinforcement
learning with equilibrium (or coordination) learning methods.
In the following, we present IL-based algorithm and JAL-
based algorithm for D2D caching.

A. IL-Based Algorithm for D2D Caching

If all UEs are ILs, for each UE u, it is possible to
treat every super action as an action and simply apply
Q-learning algorithm to solve problem (5). In our stateless
setting, Qu(au), au ∈ Au is denoted as the estimate reward
of performing super action au in the next time period.
UE u updates Qu(au) after super action au is performed in
time period T . The update equation for stateless Q-learning,
as defined in [33], is given below:

Qu(au)← Qu(au) + λT · (RT
u −Qu(au)),

where RT
u is the reward associated with the joint super action

played in time period T and calculated by equation (3). λT is
the learning rate (0 ≤ λT ≤ 1), governing to what extent the
new sample replaces the current estimate.

However, such naive treatment has two problems. First,
the number of super actions |Au| is roughly 2F for each UE u.
It is exponential to the number of content items due to
combinatorial explosion, and thus the Q-learning algorithm
may need exponential number of steps to go through all
the super actions. Second, after super action au is played,
in many cases, we can observe some information regarding
the outcomes of underlying actions au,f , f ∈ F , which may
be shared by other super actions. However, this information is
discarded in the Q-learning algorithm, making it less effective.

In the CMAB framework, a super action (e.g., au) is a
vector, whose elements are underlying actions (e.g., au,f ).
In each round one super action is selected and the rewards of
all underlying actions in the super action are revealed. Since
a CMAB algorithm needs only the expected rewards of the
underlying actions to compute the expected rewards of super
actions, a combinatorial upper confidence bound (CUCB)
algorithm [29] is proposed to use the expected rewards of the
underlying actions instead of the expected rewards of the super
actions. Thus, we can reduce the action space from the number
of super actions to the number of underlying actions. However,
this reduction is at the cost of computing the optimal or near-
optimal super action; i.e., the algorithm has to resort to a
computation oracle that takes the expected rewards of the
underlying actions as input, together with the knowledge of the
problem instance, for computing the optimal or near-optimal
super action.

The CUCB algorithm is detailed as follows. It maintains an
empirical mean reward μ̂f of playing each arm f . In more
detail, if arm f has been played Cf times by the end of
time T , the expected reward of playing arm f at the end of
time period T is (

∑Cf

i=1 Xf,i)/T , where Xf,i is the reward of
arm f in its i-th play. The actual expected reward μ̄f given
to the oracle contains an adjustment term for each μ̂f , which
depends on the time period number and the number of times
that arm f has been played (i.e., μ̄f = μ̂f +

√
3 lnT/2Cf ).
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Then it plays the super action returned by the oracle and update
Cf and μ̂f accordingly.

Hence, we propose an IL CUCB algorithm that intro-
duces a CUCB-type algorithm to reduce the action space of
Q-learning. The IL CUCB algorithm for the D2D caching
problem is detailed as follows. It employs Qu,f (au,f ), u ∈
U , f ∈ F instead of Qu(au), u ∈ U , au ∈ Au to reduce the
action space from 2F to 2 · F for each UE. More precisely,
the Q-value Qu,f (au,f ) is defined as the average reward of
action au,f selected by UE u. Let Cu,f (au,f ) denote the
number of times action au,f ∈ {0, 1} is selected by UE u in
the past. Specifically, Cu,f (1) is the number of times action
au,f = 1 selected by UE u, i.e., the number of times content
item f cached in UE u. If action au,f is selected by UE u in
time period T , the Q-value Qu,f(au,f ) is updated by,

Qu,f (au,f )← Qu,f (au,f )

+
1

Cu,f (au,f ) + 1
· (RT

u,f −Qu,f (au,f )),

where RT
u,f is calculated by equation (2).

The CUCB algorithm adjusts Q-values only depending on
the time period number and the number of times action
au,f has been played. To promote the exploitation-exploration,
we use a modified CUCB algorithm to adjust Q-values based
on the Zipf-like distribution of the content popularity and
the particular structure of the problem at hand. The adjusted
Q-value is given by,

Q̄u,f = Qu,f + l · (|N
′ (u)|+1) · sf

F γ
·
√

3 logT

2Cu,f (1)
,

where Qu,f = Qu,f (1) − Qu,f (0), l = max
i∈F

Qu,i/si and

parameter γ is the shape factor of Zipf distribution, which
can be empirically approximated as in [34]. Note that the
factor 1/F γ promotes exploitation when γ is large and there
are few popular content items. Exploration is promoted when
|N ′ (u)| is large, since the reward distribution is more com-
plicated with a large number of neighbors.

We resort to a computation oracle that takes the adjusted
Q-value Q̄u,f , u ∈ U , f ∈ F as input to find the optimal
super action a∗

u. The problem for finding a∗
u is a 0-1 Knapsack

problem with profits Q̄u,f , f ∈ F , and weights sf , f ∈ F ,
and can be rewritten as follows:

max
∑

f∈F Q̄u,f · au,f ,

s.t.
∑

f∈F sf · au,f ≤ Su,

au,f ∈ {0, 1}. (6)

The 0-1 Knapsack problem is known as NP-hard [35]. The
exact computation of a∗

u is computationally hard and the
algorithm may be randomized with a small failure probability.
Thus, we resort to an (α, β)-approximation oracle to solve
this problem. The (α, β)-approximation oracle is defined as:
for some α, β ≤ 1, the oracle could output a super action
whose expected reward is at least α fraction of the optimal
expected reward with probability β.

We use a greedy algorithm for the 0-1 Knapsack
problem as the (α, β)-approximation oracle, denoted as

aG
u = Oracle(Q̄u,1, . . . , Q̄u,F ). We start with the feasible

solution aG
u = (0, 0, . . . , 0) and replace 0 by 1 in an iter-

ative way, while maintaining the feasibility of the solution.
The algorithm terminates when the last feasible solution is
obtained. In other words, the greedy algorithm constructs a
sequence of feasible solutions with monotonically increasing
values of the objective function. Formally, the solution aG

u is
obtained in the following way. We number au,fi , fi ∈ F , i =
1, 2, . . . , F in a non-increasing order of their specific values
Q̄u,fi/sfi : Q̄u,f1/sf1 ≥ Q̄u,f2/sf2 ≥ · · · ≥ Q̄u,fF /sfF .
We assume that au,f1 = 1 and for k = 2, . . . , F ,

aG
u,fk

=

⎧
⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

1,

k−1∑
j=1

sfj a
G
u,fj

+ sfk
≤ Su

0,

k−1∑
j=1

sfj a
G
u,fj

+ sfk
> Su.

(7)

We denote by δ =
∑

f∈F Q̄u,f · a∗
u,f/

∑
f∈F Q̄u,f · aG

u,f ,
the ratio between the value of the optimal solution and
that of the greedy approximation and it can be estimated
that δ ≤ 2 [35], and thus

∑
f∈F Q̄u,f · aG

u,f ≥
∑

f∈F
Q̄u,f · a∗

u,f/2, i.e., the expected reward of super action aG
u

is at least 1/2 fraction of the optimal expected reward with
probability 1. Hence, the greedy algorithm is an (α, β)-
approximation oracle with α = 0.5 and β = 1. If the cache
size is much larger than the maximum content item size, then
δ ≈ 1 [23], and, hence, α ≈ 1. For the special case of si = sj ,
i, j ∈ F , i.e., when all the content items have the same size,
the solution of the greedy approximation is optimal. The
IL-based algorithm for D2D caching is detailed
in Algorithm 1.

Algorithm 1 The IL-Based Algorithm for D2D Caching
1: Step 1. Initialize:
2: Cu,f (au,f ) = 0, Qu,f (au,f ) = 0, u ∈ U , f ∈ F .
3: For each UE u, cache all content items at least

once, observe the rewards RT
u,f and update Cu,f (au,f ),

Qu,f(au,f ), f ∈ F .
4: Set T ← F + 1.
5: Step 2. Observe (user request phase in period T):
6: for u ∈ U , f ∈ F do
7: Observe RT

u,f .
8: Update Qu,f (au,f )← Qu,f (au,f )+1/(Cu,f (au,f ) + 1) ·

(RT
u,f −Qu,f(au,f )) and Cu,f (au,f )← Cu,f (au,f ) + 1,

∀au,f selected in period T .
9: end for

10: Step 3. Optimize (cache replacement phase in period
T):

11: for u ∈ U do
12: Compute Qu,f = Qu,f(1)−Qu,f (0) and Q̄u,f = Qu,f +

l · (|N
′(u)|+1)·sf

F γ ·
√

3 log T
2Cu,f (1) , f ∈ F .

13: aT
u (πu) = Oracle(Q̄u,1, . . . , Q̄u,F ).

14: end for
15: Set T ← T + 1.
16: Go to Step 2.



1616 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 18, NO. 3, MARCH 2019

In IL-based algorithm, for each UE, the computational com-
plexity is the sum of the complexity for computing Q-values
and finding the optimal super action by (α, β)-approximation
oracle. Both the complexity of computing Q-values and find-
ing the optimal super action by (α, β)-approximation oracle
are O(F ). Hence, the computational complexity of IL-based
algorithm for D2D caching problem is O(F ).

However, this approach ignores the multi-agent nature of
the setting. The Q-values are updated without regard for the
actions selected by the other UEs. The IL-based solution can
be justified when other UEs’ caching decisions do not change,
but may fail when other UEs adapt their caching decisions.

B. JAL-Based Algorithm for D2D Caching

JALs apply the multi-agent Q-learning algorithm with learn-
ing the Q-values of their own actions in conjunction with
those of other UEs. This implies that each UE can observe
the actions of other UEs. The Q-value for any individual UE
u is Qu(a1, . . . , aU ) in multi-agent Q-learning algorithm. The
joint action space for any individual UE is

∏
u∈U |Au|. It is

exponential to the number of UEs and the number of content
items. Thus, the multi-agent Q-learning algorithm may need
exponential number of steps to go through all the joint super
actions.

Since the expected reward of each UE is only influ-
enced by the joint super actions performed by itself and
its neighbors, we use a JAL CUCB algorithm that employs
Qu,f (au,f , av1,f , . . . , av|N′(u)|,f ), u ∈ U , f ∈ F instead of

Qu(a1, . . . , aU ) to reduce the action space to F · 2|N ′(u)|+1

for each UE u, where vj ∈ N ′ (u) , j = 1, 2, . . . , |N ′ (u)|.
On the other hand, action selection polices require more

care for JALs. For example, if UE u currently has Q-values
for all joint actions, the expected reward of performing which
super action depends crucially on the strategy adopted by its
neighbors. To determine the relative values of their individual
actions, each UE maintains beliefs about the strategies of other
UEs. UE u, for instance, assumes that each other UE v will
choose actions in accordance with u’s current beliefs about v
(i.e., u’s empirical distribution over v’s action choices).

The definitions used in JAL-based algorithm for D2D
caching are given as follows:

1) Joint actions: for UE u, we define Bu,f = {(au,f ,
av1,f , . . . , av|N′(u)|,f )|au,f , avj ,f ∈ {0, 1}, vj ∈ N ′ (u) , j =
1, 2, . . . , |N ′ (u)|} as the set of joint actions for content item f .
We define B−u

u,f = {(av1,f , . . . , av|N′(u)|,f )|avj ,f ∈ {0, 1},
vj ∈ N ′ (u) , j = 1, 2, . . . , |N ′ (u)|} as the set of reduced
joint actions for content item f .

2) Counts: each UE u keeps counts Cu,f (au,f ), f ∈ F ,
of the number of times action au,f selected by u and
Cu,v,f (av,f ), f ∈ F for each v ∈ N ′ (u), of the number of
times action av,f selected by UE v observed by u. Each u also
keeps counts Cu,f (bu,f ), f ∈ F , bu,f ∈ Bu,f , of the number
of times joint action bu,f selected by u and its neighbors.

3) Q-values: the Q-value Qu,f (bu,f ), u ∈ U , f ∈ F , bu,f ∈
Bu,f is defined as the average reward observed by UE u,
of joint action bu,f selected by u and its neighbors.

4) Updating Q-values: if joint action bu,f is selected
by UE u and its neighbors in time period T , the Q-value
Qu,f(bu,f ) is updated by Qu,f(bu,f ) ← Qu,f (bu,f ) +
1/(Cu,f(bu,f ) + 1) · (RT

u,f − Qu,f (bu,f )), where RT
u,f is

calculated by equation (2).
UE u treats the relative frequencies of UE v’s selections as

indicator of v’s current strategy. In other words, for each UE
v ∈ N ′ (u), u assumes v selects action av,f with probability
Pru,v,f (av,f ) = Cu,v,f (av,f )/T . Hence, UE u assesses the
probability of reduced joint action b−u

u,f ∈ B−u
u,f selected by its

neighbors to be Pru,f (b−u
u,f ) =

∏
v∈N (u) Pru,v,f (av,f ) and the

expected reward of selecting action au,f to be Qu,f (au,f ) =∑
b−u

u,f∈B−u
u,f

Qu,f (au,f , b−u
u,f ) · Pru,f (b−u

u,f ).
Then, each UE uses the modified CUCB algorithm to

adjust Q-values and input the adjusted Q-values into the
(α, β)-approximation oracle to obtain the super action for
caching decision. The JAL-based algorithm for D2D caching
is summarized in Algorithm 2.

Algorithm 2 The JAL-Based Algorithm for D2D Caching
1: Step 1. Initialize:
2: Cu,f (au,f ) = 0, Cu,v,f (av,f ) = 0, Cu,f (bu,f ) = 0,

Qu,f(bu,f ) = 0, u ∈ U , f ∈ F , v ∈ N ′ (u), bu,f ∈ Bu,f .
3: For each UE u, cache all content items at least once,

observe the rewards RT
u,f , f ∈ F and update Cu,f (au,f ),

Cu,v,f (av,f ), Cu,f (bu,f ), Qu,f (bu,f ), f ∈ F , v ∈ N ′ (u),
bu,f ∈ Bu,f .

4: Set T ← F + 1.
5: Step 2. Observe (user request phase in period T):
6: for u ∈ U , f ∈ F do
7: Observe RT

u,f .
8: Update Qu,f (bu,f )← Qu,f(bu,f )+1/(Cu,f (bu,f ) + 1)·

(RT
u,f −Qu,f (bu,f )) and Cu,f (bu,f )← Cu,f (bu,f ) + 1,

∀bu,f selected in period T .
9: Update Cu,f (au,f ) ← Cu,f (au,f ) + 1, ∀au,f selected

in period T and Cu,v,f (av,f ) ← Cu,v,f (av,f ) + 1, v ∈
N ′ (u), ∀av,f selected in period T .

10: end for
11: Step 3. Optimize (cache replacement phase in period

T):
12: for u ∈ U do
13: Compute Pru,v,f (av,f ) = Cu,v,f (av,f )/T , v ∈ N ′ (u),

f ∈ F and Pru,f (b−u
u,f ) =

∏
v∈N ′(u) Pru,v,f (av,f ), f ∈

F , b−u
u,f ∈ B−u

u,f .
14: Compute Qu,f(au,f ) =

∑
b−u

u,f∈B−u
u,f

Qu,f (au,f , b−u
u,f ) · Pru,f (b−u

u,f ), f ∈ F .
15: Compute Qu,f = Qu,f(1)−Qu,f (0) and Q̄u,f = Qu,f +

l · (|N (u)|+1)·sf

F γ ·
√

3 log T
2Cu,f (1) , f ∈ F .

16: aT
u (πu) = Oracle(Q̄u,1, . . . , Q̄u,F ).

17: end for
18: Set T ← T + 1.
19: Go to Step 2.

In JAL-based algorithm, the complexity for computing
Q-values is O(2|N ′(u)|+1 · F ) and the complexity for finding
the optimal super action by the (α, β)-approximation oracle
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is O(F ). Therefore, the computational complexity of
JAL-based algorithm for D2D caching problem is
O(2|N ′(u)|+1 · F ).

C. Properties of Algorithm 1 and Algorithm 2

Next we theoretically investigate the convergence and regret
bound of Algorithm 1 and Algorithm 2. We first provide
Fact 1 and Corollary 1.

Fact 1: Let ET be a random variable denoting the prob-
ability of an equilibrium strategy profile being played at
time period T . Then for multi-agent reinforcement learning
algorithms with required conditions, for any σ, ω > 0, there
is an T (σ, ω) such that Pr(|ET − 1| < ω) > 1 − σ for all
T > T (σ, ω). The required conditions are as follows:

1) The learning rate λT decreases over time such that∑∞
T=0 λT =∞ and

∑∞
T=0 λT

2 <∞.
2) Each agent plays each of its actions infinitely often.
3) The probability Pu

T (au) of agent u choosing action au

is nonzero.
4) Each agent’s exploration strategy is exploitive. That

is, limT→∞Pu
T (XT ) = 0, where XT is a random variable

denoting the event that some non-optimal action was taken
based on u’s estimated values at time period T .

Proof: cf. [33] for proofs.
Corollary 1: Let ET be a random variable denoting the

probability of an equilibrium strategy profile being played at
time period T . Then for both Algorithm 1 and Algorithm 2,
for any σ, ω > 0, there is an T (σ, ω) such that Pr(|ET − 1| <
ω) > 1− σ for all T > T (σ, ω).

Proof: The learning rate of Algorithm 1 is

1/(Cu,f (au,f ) + 1), and
∞∑

T=0

1
Cu,f (au,f )+1 = ∞,

∞∑
T=0

( 1
Cu,f (au,f )+1 )2 < ∞. The learning rate of Algorithm 2

is 1
Cu,f (bu,f )+1 , and

∞∑
T=0

1
Cu,f (bu,f )+1 = ∞,

∞∑
T=0

( 1
Cu,f (bu,f )+1 )2 < ∞. Hence, both Algorithm 1 and

Algorithm 2 satisfy the first condition in Fact 1. Since the
UCB-type algorithm is used in Algorithm 1 and Algorithm 2
to bias Q-values, conditions 2) and 3) are apparently satisfied.
The expected number of times a non-optimal super action
selected within T is E(m(T )) =

∑
au∈Au

au �=a∗
u

E(nau
(T )),

where a∗
u is the optimal super action and E(nau

(T ))
is the expected number of times au selected within T .
The probability of a non-optimal action was taken at
time period T is E(m(T ))/T . According to the lower
bound of UCB-type algorithm, the expected number of
times an agent selects a non-optimal action is O(log T ), i.e.,
E(nau

(T )) = O(log T ), au ∈ Au, au �= a∗
u [36]. We can get

E(m(T )) ≤ 2F · O(log(T )) and limT→∞E(m(T ))/T = 0.
Therefore, for both Algorithm 1 and Algorithm 2,
condition 4) is satisfied. According to Fact 1, for both
Algorithm 1 and Algorithm 2, there is an T (σ, ω) such that
Pr(|ET − 1| < ω) > 1− σ for all T > T (σ, ω).

Next we prove the regret bound of Algorithm 1 and
Algorithm 2.

Fact 2: The (α, β)-approximation regret of the CUCB algo-
rithm using an (α, β)-approximation oracle with a bounded
smoothness function can achieve logarithmic bound.

Proof: cf. [29] for proofs.
Corollary 2: The (α, β)-approximation regret of

Algorithm 1 and Algorithm 2 can achieve logarithmic
bound.

Proof: Note that, for each UE u, the reward of a super
action au is linear to the reward of action au,f , f ∈ F , and
the reward of a joint super action au, av1 , . . . , av|N′(u)| also is
linear to the reward of joint action au,f , av1,f , . . . , av|N′(u)|,f ,
f ∈ F . The monotonicity property is straightforward. The
bounded smoothness function can be defined as f(x) = Su ·x,
i.e., increasing the expected reward of all (joint) actions by
x can increase the expected reward of a (joint) super action
at most Su ·x. According to Fact 2, the (α, β)-approximation
regret of Algorithm 1 and Algorithm 2 can achieve logarithmic
bound.

VI. PERFORMANCE EVALUATIONS

In this section, we evaluate the performance of the pro-
posed IL-based and JAL-based algorithm for D2D caching.
The performance metrics include the average downloading
latency, the percentage of traffic offloading and the D2D
cache hit rate. The average downloading latency is the aver-
age delay for all content requests. D2D cache hit rate is
the content items (in terms of byte) served by D2D cache
divided by the content items (in terms of byte) requested.
The percentage of traffic offloading is the content items
(in terms of byte) served by local cache or D2D cache divided
by content items (in terms of bytes) requested. In other words,
the percentage of traffic offloading is the D2D cache hit rate
plus the local cache hit rate.

We use simulations to compare the performance of our
IL-based algorithm and JAL-based algorithm for D2D caching
with the following well-known caching schemes: 1) Informed
Upper Bound (IUB) [23] algorithm which assumes that the
content popularity is perfectly known in advance. The IUB
algorithm provides an upper bound on the performance of
other learning algorithms. Note that since the content popular-
ity is usually unknown in practice, it is impossible to achieve
such performance upper bound. 2) Least Recently Used (LRU)
[37] caching algorithm that always keeps the most recently
requested content items in the cache. 3) Least Frequently Used
(LFU) [38] caching algorithm that always keeps the most
frequently requested content items in the cache.

We consider a single macro cell with radius 350m and
800 UEs are randomly distributed in the cell. The maximum
distance of D2D communication is chosen to be 30m [15]. The
transmit power of the BS and UEs is set to 40W and 0.25W
respectively. Bandwidth set aside for BS transmission and for
D2D transmission is 10MHz each [20]. There are 200 content
items which are randomly chosen to have sizes distributed
from 1 to 10 units [23]. The cache size of each UE is 30 units.
Each UE generates content requests according to a Poisson
process with rate 100 (arrivals/time period) [7]. We run the
simulations for 500 time periods. The content popularity
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Fig. 2. The average downloading latency, the percentage of traffic offloading and the D2D cache hit rate of IL-based, JAL-based, IUB, LRU, LFU caching
schemes for different cache sizes.

TABLE I

SYSTEM PARAMETERS

distribution is generally modeled as a ZipF distribution [8],
i.e., the probability that a request is for the j-th most popular
content item is j−γ/

∑F
i=1 i−γ and the shape factor γ of the

ZipF distribution is 0.56 [8]. The default system parameters
used in the performance evaluation are listed in Table I.
We implement our proposed algorithms for D2D caching
by using Matlab R2015a, running in Intel(R) Core(TM)
i5-4590 CPU @ 3.30GHz with RAM of 8GB. The average
running time of IL-based and JAL-based algorithms for a UE
in a time period are 0.688 and 2.287 milliseconds respectively.

As shown in Fig. 2, we first compare the average down-
loading latency, the percentage of traffic offloading and the
D2D cache hit rate when the cache size varies from 10 to
50 units. In Fig. 2 (a), we can see that the average downloading
latency decreases with the cache size for all caching schemes.
In Fig. 2 (b) and Fig. 2 (c), we observe that the percentage
of traffic offloading and the D2D cache hit rate increase with
the cache size for all caching schemes, since more content
items can be cached in UEs. As expected, the IUB gives an
upper bound to the other caching algorithms. Note that since
the content popularity is unknown in practice, it is impossible

to achieve such performance upper bound. Among the other
caching algorithms, IL-based and JAL-based caching schemes
outperform LRU and LFU. This is due to that IL-based and
JAL-based caching schemes learn from the history of observed
content demands, while LRU and LFU caching schemes learn
only from one-step past. Note that the JAL-based caching
scheme outperforms the IL-based caching scheme since the
UEs in JAL-based caching learn the Q-values of their own
actions in conjunction with those of other UEs while UEs
in IL-based caching only learn the Q-values of their own
actions. In Fig. 2 (c), there is an intersection of the D2D
cache hit rate curves of IL-based and LRU caching schemes,
since the D2D cache hit rate of LRU increases faster than
that of IL-based caching with the cache size of UEs. The
reasons are as follows. With the increase of cache size of
UEs, more content requests can be satisfied by local cache
in IL-based caching than LRU, and thus the D2D cache hit
rate of IL-based caching increases slower than that of LRU.
In Fig. 2 (a), the average downloading latency of JAL-based
caching is significantly lower than that of the other three
caching schemes. In particular, compared with the IL-based,
LRU and LFU caching schemes, the gain of the JAL-based
caching scheme in terms of the average downloading latency
is approximately 8%, 11% and 19%, respectively when cache
size is up to 50 units.

Fig.3 shows the average downloading latency, the percent-
age of traffic offloading and the D2D cache hit rate as a
function of the total number of content items. We can see that
the average downloading latency increases with the number
of content items for all caching schemes in Fig. 3 (a), while
the percentage of traffic offloading and the D2D cache hit rate
decrease with the number of content items for all caching
schemes in Fig. 3 (b) and Fig. 3 (c) respectively, due to
the limited cache size of UEs. In Fig. 3 (b), it is shown
that the JAL-based caching scheme outperforms the IL-based,
LRU and LFU caching schemes with the improvement on the
percentage of traffic offloading approximately 18%, 55% and
120%, respectively when the number of content items is 300.

In the following we compare the average download-
ing latency, the percentage of traffic offloading and the
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Fig. 3. The average downloading latency, the percentage of traffic offloading and the D2D cache hit rate of IL-based, JAL-based, IUB, LRU, LFU caching
schemes for different numbers of content items.

Fig. 4. The average downloading latency, the percentage of traffic offloading and the D2D cache hit rate of IL-based, JAL-based, IUB, LRU, LFU caching
schemes for different numbers of UEs.

D2D cache hit rate for different numbers of UEs. In Fig. 4 (a),
we observe that the average downloading latency increases
with the number of UEs in all caching schemes, since the
resources in the cell are constrained and the link bandwidth
capacity shared by UEs decreases with more UEs. From
Fig. 4 (b) and (c), we can see that the percentage of traffic
offloading and the D2D cache hit rate increase with the number
of UEs for all caching schemes. This is because that with the
increase of the number of UEs, each UE has more neighbor
UEs to connect and more content requests can be satisfied by
D2D transmissions. The D2D cache hit rate of the JAL-based
caching scheme is significantly higher than that of the IL-
based, LRU and LFU caching schemes. Compared with the
IL-based and LRU caching schemes, the gain of the JAL-
based caching scheme in terms of D2D cache hit rate is
approximately 40% and 25% respectively when the number
of UEs is 1000.

Finally, we examine the impact of the shape factor of
the content popularity distribution (ZipF) γ on the average
downloading latency, the percentage of traffic offloading and
the D2D cache hit rate in Fig. 5. In Fig. 5 (a) and (b),
we can see that when γ ranges from 0.2 to 1, the

average downloading latency decreases and the percentage
of traffic offloading increases for all schemes. The rea-
sons are as follows. When γ is large, the vast major-
ity of user requests is concentrated on a small number
of content items. Clearly, caching the most popular con-
tent items provides more significant benefits. In Fig. 5 (c),
we can see that when γ is large, the D2D cache hit rate of
IL-based caching, JAL-based caching, IUB, LFU becomes
smaller with the increase of γ. This is because that when
γ increases, the content popularity becomes more con-
centrated, and thus local caching becomes more effective.
In Fig. 5 (c), when γ is large, the D2D cache hit
rate of IL-based caching decreases and the D2D cache
hit rate of LRU increases with γ. It leads to an inter-
section of the D2D cache hit rate curves of IL-based
and LRU caching schemes when γ is around 0.5. This is
because that more content requests can be satisfied by local
cache with the increase of γ in the IL-based caching scheme,
while LRU ignores the local cache efficiency. Note that as
shown in Fig. 5 (b), the percentage of traffic offloading of
IL-based caching is higher than that of LRU when IL-based
caching and LRU have the same D2D cache hit rate, since the
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Fig. 5. The average downloading latency, the percentage of traffic offloading and the D2D cache hit rate of IL-based, JAL-based, IUB, LRU, LFU caching
schemes for different shape factors of ZipF distribution.

local cache hit rate of IL-based caching can be significantly
improved by learning from the history of observed content
demands.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we proposed content caching strategies for
mobile D2D networks based on multi-agent reinforcement
learning. Specifically, UEs are treated as agents, content items
as arms, caching decisions as actions, the reduction of down-
loading latency as caching reward. We then formulate the
D2D caching problem as a multi-agent multi-armed bandit
(MAB) learning problem to maximize the expected total
caching reward. UEs can be independent learners (ILs) if
they learn the Q-values of their own actions and can be joint
action learners (JALs) if they learn the Q-values of their own
actions in conjunction with those of other UEs. As the action
space is very large leading to high computational complexity,
a modified combinatorial upper confidence bound algorithm
was proposed to reduce the action space for both IL and JAL.
Simulation results show that the proposed JAL-based caching
scheme outperforms IL-based caching scheme and other pop-
ular caching schemes in terms of average downloading latency
and cache hit rate.

The successful deployment of video streaming in a mobile
D2D network faces many challenges and will be addressed as
future work. First, there are four parties involved, namely the
content owner, the content provider, the cellular carrier and
the users. They need to have their interests aligned. Second,
although there are many user-generated-content free for dis-
tribution like what we find in Youtube, there are also many
copyrighted contents that cannot be redistributed without con-
sent. Ways to track the scope of distribution in D2D networks
and ways to collect royalties need to be worked out. Third,
the content provider needs to pay for the distribution cost.
Like CDN and P2P streaming, D2D network can significantly
reduce traffic through intelligent caching as demonstrated
in this paper. Fine-tuning the algorithm for specific traffic
parameters and network settings would be of interest. Fourth,
direct communication between nearby mobile devices needs

a protocol. The participating devices also need mutual consent
to the joint effort of sharing videos. Trust between devices
is hard to establish except through a common trusted agent.
Who should play the role of this agent? Fifth, could WiFi
ad hoc mode be a substitute or a backup? Sixth, the number
of neighbors a device has depends on its transmission range.
What determines the optimal range?
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