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Abstract—Fog radio access networks (F-RANs) have been seen
as promising paradigms to handle the stringent requirements in
the 5G era by utilizing the cache and resource management ca-
pabilities of fog access points (FAPs). To achieve better system
performance, cache resource and radio resource should be jointly
optimized. However, fully centralized optimization can put heavy
burden on the resource manager in the cloud. Faced with this
issue, a hierarchical resource management architecture is adopted.
Specifically, the resource manager in the upper layer maximizes a
long-term utility by optimizing cache resource, which is adaptive
to the statistics of channel gains and user content requests. In the
lower layer, FAPs self-organize into multiple clusters to mitigate
inter-FAP interference in each transmission interval given user
content requests, channel gains and cache configuration. Under
per-FAP fronthaul capacity constraints, interactions among FAPs
are further modeled by a coalition formation game. Considering
the coupling of FAPs’ and the resource manager’s strategies and
the hierarchy of resource management, the joint cache and radio
resource management is formulated as a Stackelberg game with the
resource manager and FAPs being the leader and followers, respec-
tively. To achieve Stackelberg equilibrium, a distributed coalition
formation algorithm is first developed for FAPs to achieve a stable
state. Since there is no closed form for the leader’s objective and
the leader’s strategy is discontinuous, two model-free reinforce-
ment learning (RL) algorithms are utilized, which can approach a
global and a local optimal caching strategy, respectively, taking into
account the cluster formation behavior of FAPs. Simulation results
show that the proposed cluster formation scheme and multi-agent
RL based caching scheme outperform the baselines.

Index Terms—Fog radio access networks (F-RANs), cache opti-
mization, clustering, game theory.
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I. INTRODUCTION

A S an advanced architecture, fog radio access networks (F-
RANs) can satisfy diverse and stringent communication

demands in the 5G era by leveraging edge computing [1], [2],
cloud computing and heterogenous networking like unmanned
aerial vehicle (UAV) and device-to-device (D2D) communica-
tion [3], [4]. Particularly, fog access points (FAPs), which have
edge caching and local radio resource management capabili-
ties, can help alleviate the burden on fronthaul links and the
cloud [5].

To boost the performance of F-RANs, resource allocation
plays a key role, and some literatures have focused on radio
resource allocation under fixed cache configuration. In [6]–[9],
authors study a special downlink F-RAN that is a cloud radio
access network (C-RAN) with each remote radio head (RRH)
equipped with a cache. Specifically, content-centric beamform-
ing is designed in [6], which aims at minimizing system cost
including backhaul cost and transmission power cost. In [7],
system energy consumption is optimized by RRH selection and
load balancing, and the author in [8] also minimizes network
power consumption via the joint consideration of RRH selection,
data assignment, and multicast beamforming. Different from
[6]–[8], a latency minimization problem is investigated in [9],
which takes into account wireless transmission latency and back-
haul downloading latency. When there exist different ways of
communication, such as centralized C-RAN mode, FAP mode,
and D2D mode, communication mode for each user equipment
(UE) should be identified. To this end, joint mode selection
and resource allocation is studied in [10], where a distributed
reinforcement learning (RL) approach is utilized to alleviate the
computing burden on the cloud for an uplink F-RAN.

Instead of optimizing radio resource in F-RANs, another
branch of research pays attention to content placement/
replacement in edge cache. In [11], [12], echo state networks
are employed to estimate the content popularity, based on which
contents to be cached at RRHs and UAVs are derived. In [13], the
author utilizes extreme learning machine to acquire content pop-
ularity, and then a mixed-integer linear programming for content
placement is formulated. In [14], learning content popularity is
incorporated in multi-armed bandit learning [15], and content
caching and sharing are optimized under the current popularity
estimation. Without explicitly estimating content popularity,
some researchers use RL to directly learn content replacement
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policies. In [16], a distributed caching update scheme based on
joint-utility-and-strategy-estimation RL is developed, allowing
each small cell base station (SBS) to learn its own caching policy.
To minimize system transmission cost, the author in [17] utilizes
a distributed Q-learning algorithm, while a deep RL approach
is adopted in [18] to improve the cache hit rate for a single BS.
In addition, a socially aware distributed algorithm and a low
complexity heuristic algorithm by exploiting user context infor-
mation are developed for D2D networks in [19] and [20], respec-
tively. Focusing on vehicular networks, a cooperative caching
scheme based on mobility prediction is proposed in [21] and
a dynamic content caching strategy is introduced for road side
units in [22]. Furthermore, caching probabilities of SBSs are op-
timized to maximize successful downloading probability in [23].

Although the above works achieve good performance, radio
resource and cache resource in F-RANs are optimized sepa-
rately. However, as indicated in [6], [24]–[27], it is essential
to jointly manage radio and cache resource. In [24], a joint
content placement and UE association problem is investigated
to minimize average downloading latency, and the problem
formulation implicity assumes that content placement and UE
association are optimized on the same timescale. Nevertheless,
it is pointed out in [6] that cache resource is adjusted on a
larger timescale compared to the adjustment of radio resource.
Considering this fact, authors in [25]–[27] formulate joint cache
resource and radio resource optimization as two-timescale op-
timization problems. Specifically, the long-term cache resource
optimization problem relies on statistical information, such as
that of content popularity and channel state, while the short-term
radio resource optimization problem is related to the current
cache resource configuration and instantaneous channel state
information.

Actually, two-timescale resource optimization has also been
studied in [28], [29] in a C-RAN scenario. The former addresses
the joint optimization of resource in the baseband unit pool and
beamforming design, while the latter tackles short-term precod-
ing and long-term user-centric RRH clustering. In this paper,
considering cache resource and radio resource are optimized on
different timescales and to alleviate the burden on the cloud and
fronthaul links, a hierarchical resource management architecture
is adopted. Under this architecture, the resource manager in
the cloud is responsible for adjusting cache resource, which
aims to maximize the difference between the long-term system
throughput and the cache deployment cost, while FAPs manage
radio resource to optimize short-term system throughput.

To mitigate inter-FAP interference, FAPs participate in a
coalition formation game to form cooperative clusters, within
each of which UEs are served by time division based non-
coherent joint transmission (JT). In addition, since the resource
manager makes caching decision at first and FAPs perform
transmission later on, the interaction between resource manager
and FAPs is modeled as a Stackelberg game [30]. Moreover,
different from [25]–[29], [31], the long-term utility optimization
in our work features discontinuous variables and no closed form
expression after sample average approximation, which incurs a
big challenge. To overcome this issue, two different RL algo-
rithms are utilized to approach a global or local optimal caching

strategy of the resource manager, taking into account cluster
formation behavior of FAPs. More formally, our contributions
are summarized as follows.
� Considering cache resource and radio resource are opti-

mized on different timescales and to alleviate the burden on
the resource manager and fronthaul, a hierarchical resource
management architecture is adopted for an F-RAN com-
posed of multiple FAPs. In the lower layer, FAPs organize
into multiple clusters to optimize short-term throughput
under current channel state, user content requests and cache
configuration, and those in the same cluster cooperatively
serve UEs via time division based non-coherent JT. In the
upper layer, the resource manager in the cloud intends
to maximize a utility defined as the difference between
long-term system throughput and the cost incurred by
cache deployment, and the utility is related to not only
the statistical information of channel state and user content
request but also radio resource allocation in the lower layer.

� Given the sequential decision making between the resource
manager and FAPs, the formulated two-timescale resource
optimization problem is modeled as a Stackelberg game,
whose stable state, known as Stackelberg equilibrium (SE),
is defined. To achieve SE, we first design a distributed
cluster formation algorithm for FAPs to reach a stable
state, which explicitly considers per-FAP fronthaul capac-
ity constraints. As for the strategy of the resource man-
ager, since the utility function has no closed form and
its caching strategy is represented by 0, 1 variables, the
analysis of optimal strategy is very challenging. Faced with
this problem, a caching algorithm based on single-agent RL
(SARL) is proposed. Further, a caching algorithm based on
multi-agent RL (MARL) is utilized to overcome the curse
of dimensionality.

� The convergence, optimality and complexity of the pro-
posed cluster formation algorithm, SARL based caching
algorithm and MARL based caching algorithm are rigor-
ously analyzed. Particularly, the cluster formation result is
proved to be Nash-stable, and RL based caching algorithms
can approach an optimal or local optimal caching strategy
of the resource manager. In addition, the effectiveness of
the proposals is verified by simulations.

The remainder of this paper is organized as follows. Section II
describes the system model. Section III formulates the concerned
two-timescale resource optimization problem, which is further
modeled as a Stackelberg game. In Section IV, a distributed clus-
ter formation algorithm is designed for FAPs, and two caching
algorithms based on RL are developed. Section V analyzes
the properties of the proposals, in terms of convergence, op-
timality and complexity, and simulation results are presented in
Section VI, followed by the conclusion in Section VII. For
convenience, some important notations are listed in Table I.

II. SYSTEM MODEL

In this section, the model of the downlink F-RAN studied is
elaborated, including key components, transmission mode, and
other basic assumptions.
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TABLE I
SUMMARY OF NOTATIONS

Fig. 1. The F-RAN scenario considered in this paper.

A. Key Components in the F-RAN

The F-RAN concerned is shown in Fig. 1 with a centralized
cloud and multiple single-antenna FAPs that connect to the cloud
via capacity-limited fronthaul. In the cloud, there is a resource
manager, a content server and a network information server. The
content server stores all the content segments that are potentially
requested by UEs, whose set is denoted by F = {1, 2, ..., F},
while the network information server records a network profile
including history channel state information (CSI) and history UE
content requests. At the network edge, each FAP has local radio
resource management and caching capabilities [5]. Moreover,
to alleviate the burden on fronthaul and the resource manager,
the resource manager is only responsible for managing resources
that are allocated on a large timescale, such as cache resource [6],

while radio resource is allocated by fully utilizing the resource
management capability of FAPs, which can achieve more timely
adaptation to the dynamic environment. Define the set of FAPs
as K = {1, 2, ...,K}. Assume that each FAP initially serves
one UE, which is a common way of initialization for UE-BS
association [32], [33], but a UE is actually allowed to connect
to multiple FAPs to take advantage of JT. Meanwhile, FAPs
share the same frequency band [32] and hence there is inter-FAP
interference.

B. Transmission Mode

To mitigate severe inter-FAP interference incurred by spec-
trum sharing, an effective way is to group FAPs into clusters,
within each of which FAPs perform coordinated multi-point
(CoMP), as indicated by [5], [32]–[34]. Denote the set of
FAP clusters as Φ = {ψ1, ψ2, ..., ψn} with n ≤ K, ψi ⊆ K,
ψi ∩ ψj = φ, ∀i, j ∈ {1, 2, ..., n} and i �= j. In the following, Φ
is also named as the partition of FAPs. Within each cluster, con-
sidering implementation complexity [35], a time division based
non-coherent JT scheme is adopted. Although intra-cluster in-
terference is avoided, there is still inter-cluster interference
due to the simultaneous transmission of clusters over the same
frequency band, and such interference noise suffered by FAP
k is calculated as

∑
k′∈K\ψi

phk′mk
. In this expression, ψi is

the cluster to which FAP k belongs, mk is the UE originally
associated with FAP k, k′ ∈ K\ψi represents FAP k′ out of
cluster ψi, p is the transmission power of each FAP, which is
assumed to be constant, and hk′mk

is the channel gain between
FAP k′ and UE mk.

Then, the data rate achieved by UE mk belonging to cluster
ψi is given by

Rmk
= αmk

log2

(

1 +

∑
k′∈ψi

phk′mk∑
k′∈K\ψi

phk′mk
+ σ2

)

, (1)

where
∑
k′∈ψi

phk′mk
is the received power of useful signal

resulted by the JT scheme [35], αmk
is the proportion of time

domain resource occupied by UE mk, and σ2 is the noise. In
this paper, we suppose that the time domain resource is equally
allocated to each UE in the cluster, and that isαmk

= 1
|ψi| . When

FAP k does not participate in any cluster, the data rate of its user
mk is expressed as Rmk

= log2(1 +
phkmk∑

k′∈K\{k} phk′mk
+σ2 ).

C. Two-Timescale Resource Management

Fig. 2 illustrates two-timescale cache and radio resource
management. Before n transmission intervals start, the resource
manager in the cloud allocates cache size at each FAP and
pushes contents into FAPs’ caches. At the beginning of each
transmission interval with time length T during which CSI
is assumed to remain unchanged, each UE requests a content
segment, and then each UE is served by a single FAP for a
whole transmission interval or served by a cluster of FAPs for a
portion of an interval, which depends on the cluster formation
result. Corresponding details will be presented later on. Note
that CSI condition and user content requests are varying with
transmission intervals. By considering a sufficiently large n, the
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Fig. 2. An illustration of two-timescale cache and radio resource management.

resource manager aims at optimizing a long-term utility that
will be presented in (3) by cache size allocation and content
placement, which should be adaptive to the statistics of CSI
and user content requests, while the cluster formation scheme
executed by FAPs in each transmission interval needs to consider
current CSI and user content requests. In the Subsection C
of the next section, the coupling of long-term cache resource
management and short-term radio resource management will be
elaborated.

III. PROBLEM FORMULATION

In this section, a short-term optimization problem and a long-
term optimization problem are formulated for FAPs and the re-
source manager, respectively. Then, considering cache resource
management and radio resource management are coupled and
the resource manager and FAPs make sequential decisions, the
two-timescale resource management is modeled as a Stackelberg
game, which takes the resource manager and FAPs as the leader
and followers, respectively.

A. Problem Formulation for FAPs

As stated in the system model, for the sake of timely adap-
tation to CSI variation and alleviating the burden on fronthaul
links as well as the resource manager, the resource management
capability of FAPs is utilized to perform cluster formation and
re-allocate time domain resource among UEs in the same cluster.
In addition, it should be noted that there is a precondition for
the JT of FAPs, and that is each FAP should acquire the content
segments requested by all the UEs in the same cluster. For the
content segments that are missing in local caches, they need to be
fetched from the content server in the cloud via capacity-limited
fronthaul. The short-term resource management problem to be
solved by FAPs in each transmission interval is formulated as
follows.

max
Φ

u =
∑

mk

Rmk
(Φ,H)

(a)
∑

f

∑

k′∈ψi

xmk′ ,f (1− cf,k) ≤ lk, ∀k ∈ ψi, ∀ψi,

(b) ψi ∩ ψj = φ, i �= j,

(c) ψ1 ∪ ψ2 · · · ∪ ψn = K. (2)

In this problem,xmk′ ,f = 1 indicates UEmk′ requests content
segment f , andxmk′ ,f = 0 otherwise. cf,k = 1 indicates content

segment f is stored in the cache of FAP k, and cf,k = 0 other-
wise.H represents the channel gain matrix of the whole network
with each entry being the channel gain between an FAP and a
UE. Constraint (a) states that the number of missing content
segments fetched by each FAP in each transmission interval is
limited, due to constrained fronthaul capacity, which implicitly
assumes that all the content segments possess equal size [24].
Constraint (b) and (c) state that FAP clusters should be disjoint
and include all the FAPs in the network, respectively. In addition,
it should be noted that the optimization of cluster formation Φ is
not only closely related to H but also related to the user content
requests and content placement. DefineC as the content caching
matrix with (f, k)-th entry being cf,k and define the content
request matrix of all the UEs as X with (k, f )-th entry being
xmk,f . According to problem (2), it is intuitive that the best
joint cluster formation strategy of all the FAPs Ψ∗, which is a
mapping from the tuple {H,X} to Φ, is highly affected by C.
To highlight such dependence, we further denote Ψ∗ as Ψ∗C, and
the system throughput u in each transmission interval can be
expressed as u (Ψ∗C (H,X) ,H). Note that the best joint cluster
formation strategy Ψ∗ in our paper means it is the best outcome
for each FAP and not essentially the global optimal solution
to (2).

B. Problem Formulation for The Resource Manager

Assume that CSI matrix H and the content request matrix X
are both i.i.d. with regard to each transmission interval. Aiming
at maximizing the benefit of caching at FAPs, the problem for
the resource manager in the cloud considering the joint cluster
formation strategy of FAPs is as follows:

max
C

U = ωEH,X [u (Ψ∗C (H,X),H)]− μ
∑

f

∑

k

cf,k

(d) cf,k ∈ {0, 1} , (3)

where ω and μ are two weight factors representing the benefit
of unit long-term throughput and the cost of caching a content
segment, respectively. Note that the cache size and content
placement at each FAP will be determined, once C is derived.
The objective of the resource manager includes two parts. The
first part is the benefit brought by long term expected system
throughput, while the second part is the cost led by cache
deployment at FAPs and content pushing. Similar cost has also
been taken into account in [26].

C. A Game-Theoretic Perspective

Considering that each FAP can be seen as a rational entity,
the FAP cluster formation process in each transmission interval
can be naturally modeled as a coalition formation game [36],
which helps develop a fully distributed and low complexity
algorithm. In literatures, coalitional game has been used to
model cooperative behavior among network nodes. For example,
in [36], authors use coalition formation game to capture the
cooperative behavior of SBSs that form cooperative clusters
and then perform TDMA based transmission coordination in
the same cluster. In [37], cellular users and D2D users can
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form cooperative groups by participating a coalitional game
to improve spectrum utilization. Formally, our studied game is
defined as follows.

Definition 1: The cluster formation game among FAPs is
described byG = {K, {uk}, {�

k
}}, whereK is the set of players,

i.e., the set of FAPs, uk is the utility function of FAP k, and �
k

is the preference of FAP k over different FAP clusters. uk and
�
k

are given by

uk = Rmk
, (4)

and

ψ�
k
ψ(k) ⇔

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

uk

(
Φ̃
)
> uk (Φ) ,

∑
k′∈ψ∪ψ(k)

uk′
(
Φ̃
)
>
∑
k′∈ψ∪ψ(k)

uk′ (Φ),
∑
f

∑
k′∈ψ∪{k} xmk′ ,f (1− cf,k′′) ≤ lk′′ ,

∀k′′ ∈ ψ ∪ {k} ,
(5)

respectively, with ψ ∈ Φ\{ψ(k)

}
, ψ(k) being the cluster to

which FAP k belongs under cluster formation Φ, and Φ̃ =
Φ\{ψ,ψ(k)

} ∪ {ψ ∪ {k} , ψ(k)\ {k}
}

. Note that FAP k can
also choose to form singleton {k} with ψ = {} in (5).

The above definition states that FAP k prefers another cluster
ψ to its current cluster if and only if: 1) The data rate of its user
is strictly improved; 2) The sum data rate of UEs involved in the
cluster transfer of FAP k should be increased; 3) After FAP k
joins the cluster ψ, the fronthaul capacity constraints of all the
FAPs in ψ should be satisfied. Note that the leaving of FAP k
will not increase the fronthaul capacity demands for the FAPs
staying in ψ(k), and hence their fronthaul capacity constraints
are still met.

It has been stated in Subsection A that the joint cluster
formation strategy of FAPs highly depends on the strategy of
the resource manager, i.e., C. On the other hand, the strategy
C of the resource manager also depends on the joint cluster
formation strategy of FAPs according to problem (3), and hence
the strategies of FAPs and the resource manager are coupled.
Moreover, since the resource manager makes its decision on
cache deployment and content placement first, and then FAPs
react to its strategy by playing a coalition formation game in
each transmission interval, the interaction between the resource
manager and FAPs can be modeled as a Stackelberg game
that takes the resource manager and FAPs as the leader and
followers, respectively [30]. The equilibrium of the formulated
game is defined as follows.

Definition 2: For a solution {C∗,Ψ∗C∗} to the Stackelberg
resource management game, Stackelberg equilibrium (SE) is
achieved if and only if

U (C∗,Ψ∗C∗) ≥ U (C,Ψ∗C) ,
ψ∗(k)(t)�

k
ψ∗i (t), ∀k, ∀t, ∀ψ∗i (t) ∈ Φ∗(t)/

{
ψ∗(k)(t)

}
,

(6)

where ψ∗(k) (t) ∈ Φ∗ (t) = Ψ∗C∗ (H (t) ,X (t)) is the cluster to
which FAP k belongs in transmission interval twhen the caching
strategy of the resource manager is C∗.

This definition states that once SE is achieved, each FAP has
no incentive to deviate from its cluster formed in any transmis-
sion interval if the strategies of the resource manager and other
FAPs are fixed, and meanwhile the resource manager has no
incentive to adjust cache resource with FAPs reacting by taking
the best joint cluster formation strategy.

IV. ALGORITHM DESIGN

In this section, we first develop a cluster formation algorithm
for FAPs to achieve a stable cluster formation result, under any
fixed strategy of the resource manager. Then, taking the behavior
of FAPs into account, two algorithms based on RL are proposed
to approach a global or local optimal strategy of the resource
manager.

A. Cluster Formation Algorithm Design

In this subsection, our aim is to design a distributed algo-
rithm for FAPs to reach a stable partition, given any tuple of
{H,X,C}. To this end, an algorithm based on the preference
order of FAPs over clusters is developed, whose procedure is
illustrated in Algorithm 1. Initially, each FAP does not cooperate
with each other, and then each FAP starts to seek for a cluster
to join. In Subsection A of Section V, it will be shown that
Algorithm 1 will finally converge after finite repeats of Stage
2, and joining the cluster under the FAP partition output by
Algorithm 1 is the best strategy for each FAP, which means a
stable state is achieved. In addition, since checking preference
order only needs the local information within the involved
clusters, the proposed cluster formation algorithm is distributed.

Finally, note that the clustering algorithm relies on the calcula-
tion of UE data rate given by (1) that is related to instantaneous
CSI. Hence, FAPs have to re-cluster in each coherence time,
which can cause large signaling overhead. To overcome this
issue, instead of considering instantaneous data rate, clustering
can be performed based on average UE data rate that is related
to only large scale channel gain and its analysis can follow
literature [38]. Once the average UE data rate expression is
obtained, our proposed clustering algorithm can be applied. In
addition, synchronization among FAPs is another big concern.
Fortunately, the adopted non-coherent JT does not require strin-
gent synchronization [39] and hence is more practical than other
coherent CoMP schemes like interference alignment in [32] and
zero-forcing beamforming in [33].

B. Cache Optimization Algorithm Design

After developing the algorithm for followers that results in a
stable state under any fixed strategy of the leader, the remaining
task to solve the formulated Stackelberg game is to derive the
optimal leader’s strategy, taking the followers’ behavior into
account. Up to now, Stackelberg game has been applied to
various resource optimization problems in wireless networks.
For example, in [40], [41], interference control in heterogenous
networks is modeled as a Stackelberg game with a macro BS
as the leader who sets an interference price. In [42], authors
apply Stackelberg game to resource allocation in physical layer
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Algorithm 1: Cluster Formation Algorithm for FAPs Based
on Preference Order in Each Transmission Interval.

1: Stage 1:
FAPs initialize a partition
Φini = {{1} , {2} , ..., {K}}, which means FAPs
behave non-cooperatively.
Denote the current coalition to which FAP k belongs
as ψ(k) with ψ(k) = {k} initially.

2: Stage 2:
For FAP k = 1 : K
For each cluster ψ ∈ Φini
If ψ�

k
ψ(k)

Φini ← Φini\
{
ψ(k), ψ

} ∪ {ψ(k)\ {k} , ψ ∪ {k}
}

.
End If

End For
Check whether FAP k can form singleton {k}.
If yes, Φini ← Φini\

{
ψ(k)

} ∪ {ψ(k)\ {k} , {k}
}

.
End For

3: Stage 3:
Repeat Stage 2 until Algorithm 1 converges.

security while the management of cross-interference among
operators in a wireless network with unlicensed spectrum is
modeled as a multi-leader-multi-follower game in [43]. Dif-
ferent from [40]–[43], the leader’s objective in our game is a
long-term metric, and meanwhile the strategy of the leader is
discontinuous, which both incur new challenges.

On the other hand, different approaches have been proposed to
optimize long-term performance metrics in literatures studying
two-timescale resource allocation, and the core ideas of their
proposals can be classified into three categories. The first one
is to use sample average approximation (SAA) to transform the
expected objective into the average of objectives over multiple
environmental samples and then design optimization algorithms
[27], [28], [31]. The second idea is to directly prove the convexity
of the long-term objective or transform the objective into a
convex form, and then sub-gradient algorithm is utilized [25],
[26]. The last idea is to adopt local stochastic cutting plane [29].
Particularly, the proposals in [27], [28], [31] are based on the
closed form of the objective after SAA, while the proposals
in [25], [26], [29] handle continuous variables. However, in
our work, even after using SAA, the resulted objective has no
closed form, since there is no closed form for ΨC in (3), and
meanwhile our optimization variables are discrete. To overcome
the challenges caused by no closed form and the discontinuity
of optimization variables, model-free RL is used in this paper.

1) Towards the Optimal Caching Strategy: Assume that the
cloud has stored a history profile Γ = {{H1,X1}, {H2,X2},
. . . , {HT ,XT }} in the network information server, where each
{Ht,Xt} ∈ Γ is the tuple of the channel gain matrix and user
content request matrix in history transmission interval t. It is
assumed that the channel gain distribution of each link and the
content request distribution of each user are both invariant for
a sufficiently long time. Under this assumption, the optimiza-
tion problem (3) for a future, long period is the same as that

Fig. 3. An illustration of the SARL based caching algorithm.

corresponding to a past, long period, which makes it possible
to utilize the collected history profile to solve problem (3) for a
future period.

To exploit RL, the resource manager creates a virtual agent,
whose action set is defined as A = {a1, a2, . . . , aL} with L =
2KF , where each action al ∈ A represents a possible cache
allocation matrix C. Then, Algorithm 2 is proposed to help
the resource manager approach its optimal strategy by learning
from the history network data. Specifically, at the start of each
history transmission interval t, the virtual agent selects a caching
strategy at ∈ A following a certain policy like ε-greedy policy.
Given action at, the proposed cluster formation algorithm is
executed, and then the environment feeds back a signal rat to
the virtual agent to guide the learning process. rat is given by

rat = ωu (at,Ht,Xt)− μ
∑

f

∑

k

cf,k (at), (7)

where u (at,Ht,Xt) is the system throughput in transmission
interval t defined in (2), and cf,k (at) represents the caching
decision associated with content segment f at FAP k under
action at.

Once the feedback signal is generated for transmission inter-
val t, the virtual agent makes the following update:

Qt+1
al

= Qtal + λtI{at=al}
(
rat −Qtal

)
, (8)

where I{at=al} equals to 1 if action al is taken in transmis-
sion interval t and equals to 0 otherwise. After Algorithm 2
converges, the optimal caching strategy is determined by a∗ =
argmaxal Qal with Qal representing the convergence value of
Qtal , andQal = Ual according to Theorem 1 in the next section,
where Ual is the objective value of the resource manager by
taking action al. At the beginning of another future, long period,
the resource manager first takes action a∗, and then FAPs form
clusters in each subsequent transmission interval by Algorithm
1. In this way, SE will be achieved, following Definition 2. To
make the process of Algorithm 2 more intuitive, Fig. 3 is drawn.

2) Overcoming the Curse of Dimensionality: Although the
optimal caching strategy can be achieved by using Algorithm 2,
the number of actions of the created single agent is 2KF , which
exponentially increases with the number of FAPs and content
segments. To overcome this issue, a multi-agent RL (MARL)
based caching algorithm is proposed in Algorithm 3. The basic
idea is to create D = KF virtual agents, and the action set of
agent i is denoted as Ai = {ai,1, ai,2}. When i = (k − 1)F +
f , taking action ai,1 means caching content segment f at FAP
k, while taking ai,2 means the opposite.

The difference between Algorithm 3 and Algorithm 2 lies
in the update process based on the signal fed back by the
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Algorithm 2: Single-Agent RL (SARL) Based Caching
Algorithm.

1: Stage 1:
The resource manager initializes a virtual environment
based on history network data
Γ = {{H1,X1} , {H2,X2} , ..., {HT ,XT }}
and creates a virtual agent, whose action set is
A = {a1, a2, . . . , aL} with L = 2KF . Initialize
t = 1, Qtal = 0 for each al, the exploration probability
ε and the learning rate λt.

2: Stage 2:
For History transmission interval t = 1 : T
Generate a random number z
If z < ε

The virtual agent selects a caching strategy at with
equal probability.
Else

The virtual agent selects the action associated with
the maximum Q-value.
End if
Under at, Ht and Xt, Algorithm 1 is executed to

output a cluster formation result.
The environment calculates and feedbacks the signal
rat to the virtual agent.
The virtual agent makes an update according to

equation (8).
End For

environment. Specifically, in transmission interval t, each virtual
agent i ∈ {1, 2, . . . , D} makes the following update:

zt+1
i,j = αtI{ati=ai,j}

(
rati − zti,j

)
+ zti,j ,

πt+1
i,j = πti,j + λt

(
β
(
zti,j
)− πti,j

)
, (9)

where ati is the action taken by virtual agent i at the start of
transmission interval t, rati is the corresponding feedback signal
that follows the same definition as that in Algorithm 2, which
also means all virtual agents share the same feedback signal,
πti,j is the probability to select action ai,j , zti,j is the estimated

utility by taking action ai,j , β(zti,j) =
exp(κzti,j)

exp(κzti,1)+exp(κzti,2)
with

κ balancing the tradeoff between exploration and exploitation,
and λt and αt are learning rates. Meanwhile, λt and αt should
satisfy the following conditions:

∑

t≥1

λt =∞,
∑

t≥1

λt
2 ≤ ∞,

∑

t≥1

αt =∞,
∑

t≥1

αt
2 ≤ ∞,

lim
t→∞

λt

αt
= 0, (10)

which are essential for the convergence of Algorithm 3 [44].
According to Theorem 2 in the next section, Algorithm 3 can

finally approach a global or local optimal caching strategy for
the resource manager. Therefore, when the resource manager

Fig. 4. An illustration of the MARL based caching algorithm.

Algorithm 3: Multi-Agent RL (MARL) Based Caching
Algorithm.

1: Stage 1:
The resource manager initializes a virtual environment
based on history network data
Γ = {{H1,X1} , {H2,X2} , ..., {HT ,XT }} and
creates KF virtual agents. Initialize t = 1, λt and αt.
Set zti,j = 0 and πti,j = 0.5 for virtual agent i and its
action ai,j .

2: Stage 2:
For History transmission interval t = 1 : T

Each virtual agent i generates a random number li
If li < πti,1
Virtual agent i takes action ai,1.

Else
Virtual agent i takes action ai,2.

End if
Under the action profile of all virtual agents

at = [at1, a
t
2, . . . , a

t
KF ], Ht and Xt, Algorithm 1 is

executed to output a cluster formation result.
The environment calculates and feedbacks the signal
rati to each virtual agent.
Each virtual agent makes an update according to

equation (9).
End For

implements the caching strategy output by Algorithm 3 and
then FAPs form clusters in subsequent transmission intervals by
Algorithm 2, the resulting state can be seen as a weak version
of SE, since the resource manager can gain higher utility by
deviating from the current caching strategy. To make the process
of Algorithm 3 more intuitive, Fig. 4 is drawn.

V. THE PROPERTIES OF THE PROPOSED ALGORITHMS

In this section, the properties of the proposals are analyzed, in
terms of convergence, optimality and complexity. In addition, a
theoretic guidance on the practical selection of parameter κ for
the MARL based caching algorithm is provided.

A. The Properties of The Cluster Formation Algorithm

1) Convergence: First, we discuss the convergence of the
cluster formation algorithm. From (1), it can be observed that
the achieved data rate by UEmk is not influenced by the cluster
formation of FAPs outside the cluster to which it belongs.
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Therefore, when the partition of FAPs is updated in Stage
2 of Algorithm 1 based on the preference order, the system
throughput will strictly increase. Since throughout is bounded,
after finite repeats of Stage 2, the partition of FAPs will finally be
unchanged. Hence, Algorithm 1 will be guaranteed to converge.

2) Stability: Once Algorithm 1 converges to a final FAP
partition Φ∗, it can be directly concluded that ψ(k)�

k
ψ for

any FAP k and any ψ ∈ Φ∗/{ψ(k)}. This stable state is
Nash-stable [37].

3) Optimality: The relationship between local optimality and
stability is revealed by the following theorem.

Theorem 1: Any local optimal FAP partition must be Nash-
stable, while a Nash-stable partition may not be local optimal.

Proof: Under a local optimal partition, switching any FAP
from its current cluster to another cluster will not contribute to
a strict increase of system throughput. Assume that there exists
a local optimal partition that is not Nash-stable. Then, it means
a certain FAP is willing to join a different cluster, which will
strictly improve the throughput according to the definition of
preference order. Hence, contradiction occurs and it is concluded
that any local optimal partition must be Nash stable. On the
other hand, since a Nash-stable partition is achieved based on
the preference order that requires a strict improvement of FAP’s
own performance, it is still possible to further raise the system
throughput by switching an FAP from its current cluster to
another one under a Nash-stable partition. Thus, a Nash-stable
partition may not be local optimal. �

4) Complexity: Since Stage 2 of Algorithm 1 needs to check
at most K(K + 1) preference orders for each repeat, the com-
plexity of Algorithm 1 is O(IK2) with I being the number of
repeats of Stage 2 for convergence.

B. The Properties of The SARL Based Caching Algorithm

In the following, the convergence and optimality of
Algorithm 2 are rigorously proved.

Theorem 2: Algorithm 2 finally converges with Qtal = Ual
for each action al, as t→∞, where Ual is the objective value
defined in (3) under caching action al.

Proof: For Algorithm 2, when the exploration probability
is always kept non-zero, each action can be visited infinitely.
Meanwhile, the feedback signal given by (7) is bounded. In
addition, because it has been assumed that the distributions of
channel gain matrixH and user content request matrixX are i.i.d
across transmission intervals, ral follows the same distribution
over time. At last, according to [45], by setting λt in the form of

1
(t+y)ρ

with y > 0 and 1
2 < ρ ≤ 1, we have

∑

t≥1

λt =∞, (11)

and
∑

t≥1

λ2
t ≤ ∞. (12)

Therefore, following [46], Qtal finally converges to EH,X [ral ]
as t→∞.

Meanwhile, note that

EH,X [ral ]

= EH,X

⎡

⎣ωu (al,H,X)− μ
∑

f

∑

k

cf,k (al)

⎤

⎦

= EH,X [ωu (al,H,X)]− EH,X

⎡

⎣μ
∑

f

∑

k

cf,k (al)

⎤

⎦

= ωEH,X [u (al,H,X)]− μ
∑

f

∑

k

cf,k (al), (13)

where the right-most side is exactly the objective value of the
resource manager by taking actional. Hence, it can be concluded
that

Qtal = EH,X [ral ] = Ual , (14)

as t→∞. After Algorithm 2 converges, the optimal caching
strategy of the resource manager can be directly identified by
the action with the maximum Q value. �

At last, the complexity of Algorithm 2 is analyzed. Since
generating a random number and making an update based on (8)
both incur computation complexity O(1), the total complexity
of Algorithm 2 is decided by the complexity of Algorithm 1.
Therefore, the complexity of Algorithm 2 is O (IK2

)
with

I being the number of repeats of Stage 2 in Algorithm 1 for
convergence.

C. The Properties of The MARL Based Caching Algorithm

In this subsection, we employ the techniques from stochastic
approximation to prove the convergence of Algorithm 3, and the
optimality is analyzed based on the property of potential game.
Moreover, the total complexity is presented as well.

1) Convergence: Denote π−i as the strategy profile of all the
virtual agents except agent i. Under any fixed π−i, the conver-
gence of the utility estimation zti,j directly holds by following
the proof of Theorem 2, when πi,j �= 0. More specifically, we
have

zti,j = EH,X,a−i
[
rai,j (H,X,a−i)

]
, as t→∞, (15)

where rai,j (H,X,a−i) is the feedback signal from the envi-
ronment when virtual agent i takes action ai,j and all the other
agents take action profile a−i. For brevity, we define

r̄i,j (π−i) = EH,X,a−i
[
rai,j (H,X,a−i)

]
. (16)

Next, based on the result in [45], the update of strategy, i.e.,
the second equation in (9), can be approximated by the following
ordinary differential equation (ODE):

π̇i,j = β
(
zti,j
)− πi,j . (17)

According to the last constraint in (10), πti,j changes on a
slower timescale than the timescale on which zti,j is learned.
Then, the ODE can be analyzed as if the utility estima-
tion is accurate [46]. Denote πi = [πi,1, πi,2] and βi (π−i) =
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[β (r̄i,1 (π−i)) , β (r̄i,2 (π−i))], in which

β (r̄i,j (π−i)) =
exp (κr̄i,j (π−i))

exp (κr̄i,1 (π−i)) + exp (κr̄i,2 (π−i))
, (18)

for j = 1, 2.
Then, based on [47], ODE (17) can be expressed as

π̇i = βi (π−i)− πi

= argmax
y∈Δ

[

yri,π−i +
1
κ

(
−
∑

yj ln yj

)]

− πi, (19)

where ri,π−i = [r̄i,1 (π−i) , r̄i,2 (π−i)]
T and Δ = {y|y1 + y2

= 1, y1 > 0, y2 > 0}. Since all the virtual agents always receive
the same feedback signal, a strict Lyapunov function for the
dynamic (19) exists [47]. Therefore, the rest point of (19) is
globally asymptotically stable [48], and hence we have

πi,j = β (r̄i,j (π−i))

=
exp (κr̄i,j (π−i))

exp (κr̄i,1 (π−i)) + exp (κr̄i,2 (π−i))
, as t→∞.

(20)

2) Optimality: In the following, we discuss the optimality of
the MARL based caching algorithm by utilizing the properties
of entropy function and potential game theory. First, based on
(19), we have

βi (π−i) = arg max
πi∈Δ

[

πiri,π−i +
1
κ

(
−
∑

πi,j lnπi,j

)]

= arg max
πi∈Δ

[

r̄i (πi,π−i) +
1
κ
G (πi)

]

, (21)

where r̄i (πi,π−i) = πiri,π−i and G (πi) is the entropy func-
tion. According to the property of G (πi), we have 0 ≤
G (πi) ≤ G

(
1
2

)
= ln 2. Denote the convergence strategy of

virtual agent i as π∗i that satisfies π∗i = βi
(
π∗−i

)
based on

the result in (20). Then, the global or local optimality of the
MARL based caching algorithm is given by the following
theorem.

Theorem 3: Algorithm 3 approaches a global or local optimal
solution to problem (3) as κ→ +∞.

Proof: From (21), the following inequality holds:

r̄i
(
πi,π

∗
−i
)
+

1
κ
G (πi)

≤ r̄i
(
βi
(
π∗−i

)
,π∗−i

)
+

1
κ
G
(
βi
(
π∗−i

))
. (22)

Then, we have

r̄i
(
πi,π

∗
−i
)− r̄i

(
βi
(
π∗−i

)
,π∗−i

)

≤ 1
κ

(
G
(
βi
(
π∗−i

))−G (πi)
) ≤ 1

κ
ln 2. (23)

According to (20), as κ→ +∞, virtual agent i will intend
to play a deterministic action a∗i = ai,j that leads to the largest
r̄i,j (π−i), since exp (κr̄i,j (π−i))� exp (κr̄i,j′ (π−i)) for any
j ′ �= j at this time.

Hence, as κ→ +∞, (23) will approach the following
inequality:

rai
(
a∗−i
)− ra∗i

(
a∗−i
) ≤ 0, (24)

where rai (a−i) = EH,X [rai (H,X,a−i)] andai is an arbitrary
action. Note that all the virtual agents share a common feedback
signal defined by (7), and hence we have

rai (a−i) = EH,X [rai (H,X,a−i)]

= EH,X

⎡

⎣ωu (ai,a−i,H,X)− μ
∑

f

∑

k

cf,k (ai,a−i)

⎤

⎦

= ωEH,X [u (ai,a−i,H,X)]− μ
∑

f

∑

k

cf,k (ai,a−i)

= Ω (ai,a−i) . (25)

Thus, (ai,a−i) is a pure strategy Nash equilibrium of the exact
potential game with virtual agents as players and Ω(ai,a−i)
as the potential function. In addition, Ω(ai,a−i) is exactly the
same as the objective of the resource manager that is defined
in (3). Since pure strategy Nash equilibrium maximizes the
potential function either globally or locally, it is concluded that
Algorithm 3 approaches a global or local optimal caching strat-
egy of the resource manager, as κ→ +∞. �

3) Complexity of Algorithm 3: In the action selection stage,
each virtual agent needs to generate a random number to select an
action, whose complexity is O (1). Then, the cluster formation
algorithm in Algorithm 1 is executed, whose complexity is
O (IK2

)
. After receiving the feedback signal from the envi-

ronment, each virtual agent makes an update following (9) in
parallel. Since the update equations in (9) just involve fixed
number of operations of exponents, additions and multiplica-
tions, the complexity for each virtual agent is O (1). Therefore,
the total complexity of Algorithm 3 is O (IK2

)
, where I is the

number of repeats of Stage 2 in Algorithm 1 that is needed for
convergence.

4) The Selection of Parameter κ: Although Algorithm 3 can
approach the local or global optimal caching strategy of the
resource manager, this result is established on the convergence
of multi-agent RL, which requires t→∞. That is the resource
manager should collect infinite amount of history network data.
To achieve a good performance with limited data, parameter
κ should be selected carefully. To facilitate the analysis, we
first show that the sum of action selection probabilities for each
virtual agent is always equal to 1.

Theorem 4: For any virtual agent i, if
∑
j π

1
i,j = 1, the

strategy update equation in (9) ensures that
∑
j π

t
i,j = 1 with

t ≥ 2.
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Proof: By the second equation in (9), we have

∑

j

πt+1
i,j =

∑

j

πti,j + λt
∑

j

(
β
(
zti,j
)− πti,j

)

=
∑

j

πti,j + λt

⎛

⎝1−
∑

j

πti,j

⎞

⎠ . (26)

Then, it can be seen that
∑
j π

1
i,j = 1⇒∑

j π
2
i,j = 1⇒

∑
j π

3
i,j = 1 . . ., and hence

∑
j π

t
i,j = 1 with t ≥ 2. �

Next, we analyze the impact of κ on the strategy evolution by
involving the following theorem.

Theorem 5: For virtual agent i, assume that action ai,1
has a larger utility estimation than action ai,2. Then, β

(
zti,1
)

monotonously increases with respect to κ.
Proof: By taking the derivative of β

(
zti,1
)

with respect to κ,
we have

dβ
(
zti,1
)

dκ
= β

(
zti,1
) exp

(
κzti,2

) (
zti,1 − zti,2

)

exp
(
κzti,1

)
+ exp

(
κzti,2

) . (27)

Since zti,1 > zti,2,
dβ(zti,1)
dκ > 0. Thus, when κ becomes larger,

β
(
zti,1
)

will increase, and the probability of selecting action ai,1
will have a higher opportunity to increase based on the second
equation in (9). Correspondingly, the probability of selecting
action ai,2 will decrease based on Theorem 4. �

According to the above theorem, a practical way of setting κ
is as follows.

κt =
t

b
, (28)

where b is a constant. This setting adjusts the value of κ with
transmission interval index t. Specifically, κ is set to a small
value at initial stages to facilitate the full estimation of utility
associated with each action. Then, when t becomes large, κ
also becomes large, and the virtual agent intends to select the
action with the largest utility estimation at this time, which helps
improve its own performance. A similar idea is also adopted
in [10].

VI. SIMULATION RESULTS AND ANALYSIS

In this section, the convergence and effectiveness of the pro-
posals are demonstrated, and corresponding simulation results
are analyzed.

A. Basic Simulation Setting

The channel gain hk′mk
between FAP k′ and UEmk, ∀k′ and

k, is composed of small scale fading and path loss with the path
loss exponent α = 4. More specifically, in each transmission in-
terval, hk′mk

is randomly generated by hk′mk
= |gk′mk

|2d−αk′mk

with gk′mk
∼ CN (0, 1) and dk′mk

being the distance between
FAP k′ and UE mk. In addition, each UE requests a content
segment in each transmission interval by following Zipf distri-
bution, and the probability of content segment f to be requested

Fig. 5. The simulation scenario.

Fig. 6. The convergence of Algorithm 1.

is given by

1/fγ
∑F
q=1 1/qγ

. (29)

There are 100 content segments potentially requested by UEs,
and the number of FAPs is 16. The noise power is set to
−104 dBm, and the transmission power of each FAP is 30 dBm.
Unless otherwise stated, simulation setting in the following is
consistent with this subsection.

B. The Simulation of Cluster Formation Algorithm

First, we verify the convergence of Algorithm 1 for the sce-
nario shown in Fig. 5 where the locations of FAPs are randomly
generated by following uniform distribution within a circle of
radius 100 m, and the location of each UE is generated in a
similar way with the circle center being its associated FAP and
the circle radius being 30 m. A channel gain matrix H and
a user content request matrix X under γ = 0.6 are randomly
generated. In addition, each FAP caches the most popular 20
content segments, and the number of content segments that can
be downloaded by each FAP in each transmission interval is 2.
From Fig. 6, it can be seen that Algorithm 1 converges within
only three iterations, which allows FAPs to well adapt to the
dynamic environment, and meanwhile a significant throughput
improvement is observed compared to the case where each FAP
only serves its own UE non-cooperatively. The cooperative FAPs
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Fig. 7. The impact of fronthaul capacity with γ varying.

Fig. 8. The impact of cache size at each FAP with γ varying.

in the same cluster are highlighted using green polygons in
Fig. 5.

Moreover, the impacts of fronthaul capacity and cache size at
each FAP are investigated under various γ in Fig. 7 and 8, and
these figures focus on the average performance of each case in
one coherence time. Specifically, each data point is got by aver-
aging throughput results over 10000 realizations of {H,X}. In
each realization, the locations of each FAP and UE are randomly
generated to avoid biased performance evaluation results caused
by considering only a certain given network topology. Moreover,
in Fig. 7, we assume the number of content segments that can
be downloaded by each FAP in each transmission interval is the
same, i.e., lk = l, ∀k in constraint (a) of (2), and l is varied from
1 to 3 to reflect different fronthaul capacity. Each FAP caches the
most popular 10 content segments. From 7, it can be seen that a
larger gamma leads to a higher throughput for a fixed l. This is
because UEs will request fewer popular content segments, and
hence their requests have higher probabilities to be locally met
by FAPs, facilitating more cooperation among FAPs. Further-
more, under a fixed gamma, a larger l also contributes to more
cooperation among FAPs, thus resulting in better system perfor-
mance. However, the gain brought by increasing l becomes less
for a larger γ. This is because more requests can be satisfied
by local caches and the need for fronthaul capacity is less
stringent.

Fig. 9. The impact of dynamic association on system performance.

In Fig. 8, we set lk = l = 1, ∀k, and each FAP caches the most
popular F ′ segments with F ′ also representing the cache size.
First, it still holds that a larger gamma brings about a higher
throughput for a fixed cache size for the same reason stated
before. Second, since a larger cache size makes FAPs have more
chances to cooperate, system performance is raised.

At the end of this subsection, we further consider a com-
parison scheme, which is dynamic UE-FAP association based
on matching theory [49]. The core idea is to see the UE-FAP
association as a one-to-one matching between them and their
preference over each other is based on current channel gain,
which facilitates good adaptation to the varying radio environ-
ment. Note that in this scheme, FAPs are still non-cooperative,
since each FAP only serves its own UE that is identified by the
association result. Fig. 9 illustrates the performance comparison
result among four schemes under different radius of the area
where FAPs and UEs are distributed. These schemes include
non-cooperative case with fixed association that is the same
with non-cooperative case in previous figures, non-cooperative
case with dynamic association, cooperative case with fixed
association and cooperative case with dynamic association. In
cooperative case with dynamic association, UE association is
first adjusted by matching based dynamic association, whose
result is taken as the initial association state for the proposed
cluster formation algorithm.

From Fig. 9, it can be seen that non-cooperative case with
dynamic association outperforms non-cooperative case with
fixed association significantly. This is because the preference
lists of UEs and FAPs are generated based on channel gains,
and hence dynamic association can switch the link causing
high interference in fixed association to a useful link for a
UE. In addition, although non-cooperative case with dynamic
association outperforms cooperative case with fixed association
when the area radius is 100 m, cooperative case with fixed
association has more superior performance when the network
becomes less dense. For example, cooperative case with fixed
association improves system throughput by 7.7% when the
area radius is 250 m. Moreover, it is observed that cooperative
case with dynamic association always has better performance
than non-cooperative case with dynamic association, which
demonstrates the necessity to conduct cluster formation. At last,
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Fig. 10. The evolution of utility estimations of the 25th virtual agent.

Fig. 11. The evolution of the strategy of the 25th virtual agent.

according to the performance comparison between cooperative
cases with fixed association and dynamic association, adjusting
FAP-UE association before cluster formation is beneficial to
system performance.

C. The Simulation of Caching Algorithm

When the number of FAPs is 16, even if F = 5, there are
around 1024 differentC. Considering the curse of dimensionality
and the SARL adopted in Algorithm 2 is a well-known RL
algorithm, we only evaluate the proposed MARL based caching
algorithm, i.e., Algorithm 3. In this part, γ in Zipf distribution
is assumed to be identical among UEs and is set to 0.8. In
each transmission interval, each FAP can fetch only one content
segment from the cloud via fronthaul, i.e, lk = 1, ∀k. For the
update equations in (9), learning parameter κ is taken as t/105,
and αt and λt are taken as 1

(t+1)0.6 and 1
(t+1)0.7 , respectively.

In addition, there are F = 50 content segments potentially re-
quested by UEs, and that isKF = 800 virtual agents need to be
created by the resource manager. The benefitω of unit long-term
system throughput is set to 40, and the cost μ of caching a
content segment is set to 0.8. To use MARL to learn caching
strategy, 15 ∗ 104 tuples of {H,X} are generated and utilized
to construct history network environment. For the considered
15 ∗ 104 transmission intervals, the locations of FAPs and UEs
keep unchanged and follow the locations in Fig. 5.

Fig. 10 and 11 demonstrate the evolution of the utility estima-
tion and strategy of the created, 25th virtual agent, respectively.

Here, taking action 1 means caching the content segment with
index 25 at FAP 1, while taking action 2 means the opposite.
Initially, the utility estimation associated with each action is 0
and the virtual agent selects each action with equal probability.
Then, with the increase of the transmission interval index, the
parameter κ in (9) will continuously grow from a very small
value to a larger one. Correspondingly, the virtual agent intends
to explore the two actions and then prefers to select the action
with larger utility estimation. Here, whenever the probability of
selecting a certain action is over 0.99, the probability will be set
to 1 in the subsequent learning process to achieve a deterministic
caching matrix.

Then, to illustrate the superior performance of the caching
strategy derived by MARL, we compare it with other several
baselines.
� Scheme 1: In this scheme, each FAP caches all the content

segments potentially requested by UEs.
� Scheme 2: In this scheme, there is no content segment

cached at each FAP.
� Scheme 3: In this scheme, each FAP caches each content

segment with probability of 0.5. Since this caching strategy
is random, its performance is got by generating 1000
realizations of content caching matrix C and then taking
the average performance.

� Scheme 4: In this scheme, distributed Q-learning based
caching [17] is adopted. Specifically, the definition of
agents, their action sets and the reward feedback follows
MARL based caching. In addition, the algorithm procedure
is also similar to MARL based caching except the ways of
action selection and policy update. For action selection,
the ε-greedy scheme [50] is adopted and agent imakes the
following update after receiving the feedback signal [51]:

Qt+1
i,j = αtI{ati=ai,j}

(
rati −Qti,j

)
+Qti,j , (30)

whereQi,j is the Q value associated with action ai,j . After
the algorithm terminates, the action with the highest Q
value is identified as the best action for each agent and
the final cache matrix is got based on the action profile
composed of all these best actions.

To facilitate the comparison, another 1000 randomly tu-
ples of {H,X} are generated, which simulates 1000 future
transmission intervals. At the beginning of this future period,
caching matrix C is initialized for different caching schemes
and kept fixed for the whole 1000 transmission intervals. Fig. 12
shows the evolution of the average system throughput that is
calculated as

∑t′
t=1 ut
t′

, (31)

where t′ is the index of the current transmission interval and ut
is the system throughput in transmission interval t. Once this
metric is invariant, it can be seen as a good approximation of
EH,X [u (ΨC (H,X),H)] and then the converged value can be
used to calculate the utility of the resource manager in (3). Fig. 13
and Fig. 14 show the cost and achieved utility of the resource
manager under different caching schemes, respectively.
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Fig. 12. The average throughput under different caching schemes.

Fig. 13. The total number of cached content segments under different caching
schemes.

Fig. 14. The utility of the resource manager under different caching schemes.

According to Fig. 14, our proposal significantly outperforms
Scheme 1–3. This is because MARL considers the optimization
objective of the resource manager and the cluster formation
behavior of FAPs by leaning from the feedback signal of the
history environment, which is the key to make proper caching
decisions. For Scheme 1, it achieves the best system throughput,
since all the content segments are locally available and hence
the system can fully enjoy the benefits brought by FAP cluster
formation. However, the high cost led by caching all content
segments at each FAP unavoidably harms the utility. For Scheme
2, it induces no caching cost but the system throughput is

the worst due to much less FAP cooperation chances under
very limited fronthaul capacity. Hence, the utility reached by
Scheme 2 is not satisfying. At last, relative to Scheme 4 that
is based on distributed Q-learning, our proposal improves re-
source manager’s utility by 10.3%, which again verifies its
superiority.

VII. CONCLUSION

In this article, a joint cache and radio resource optimiza-
tion problem has been studied for fog radio access networks,
which includes a long-term caching optimization problem and
a short-term cluster formation problem. Under a hierarchical
resource management architecture, the considered problem has
been further modeled as a Stackelberg game between the re-
source manager in the cloud and fog access points (FAPs),
and the cluster formation behavior of FAPs is captured by a
coalition formation game. To achieve Stackelberg equilibrium,
a distributed cluster formation algorithm is first developed for
FAPs to reach a stable partition under any fixed caching strategy
of the resource manager. Then, faced with the challenges in-
curred by no closed form and 0–1 caching decision variables, two
reinforcement learning algorithms are designed for the resource
manager to approach an optimal or local optimal caching strat-
egy. By simulations, the effectiveness of the proposals has been
demonstrated.
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