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Abstract—As an evolution of cloud radio access network (C-
RAN), fog radio access network (F-RAN) becomes promising
for future mobile communications by enabling processing and
caching at fog access points (FAPs). Different from the centralised
C-RAN, F-RAN has a semi-distributed architecture, aiming to
alleviate traffic load on the fronthaul links in C-RAN. Under the
semi-distributed architecture in F-RAN, which employs a cell-
free multiple input multiple output (MIMO) access technique,
decisions on the joint user-FAP association and transmit power
allocation are made at individual FAPs. To mitigate strong
interference, FAPs will need to exchange cooperative status
information, such as CSI, user association details or transmission
power levels. However, this can lead to significant communication
overhead within the network and introduce high complexity in
the decision-making process. In this paper, accounting for the
semi-distributed nature of the F-RAN architecture, reinforcement
learning is leveraged as a potential solution to this kind of prob-
lem, and a novel multi-agent dual deep Q-network (MA-DDQN)
algorithm is proposed by introducing experience exchange in
partially observable Markov decision process environments. The
simulation results show that the proposed reinforcement learning
based algorithm outperforms the DDQN algorithm as well as the
existing low-complexity algorithms.

Index Terms—Reinforcement Learning, Deep Reinforcement
Learning, Multi-Agent Deep Reinforcement Learning, Fog Radio
Access Networks, Cell-Free MIMO, User-AP Association

I. INTRODUCTION

As mixed reality technologies, such as virtual or augmented
reality become more refined, stringent requirements are being
placed on the infrastructure of the fifth generation (5G) mobile
networks to support them. 5G’s share of mobile data traffic is
forecast to grow to around 75 percent in 2029 [1]. As 5G
data continues to grow, the traditional centralised deployment
model of the cloud radio access network (C-RAN), which uses
a baseband unit (BBU) pool at the operator side connected to
distributed radio radio heads (RRHs) at the edge via fronthaul
links, faces challenges in handling the control plane signaling
required for optimising radio performance. To tackle this issue,
fog radio access network (F-RAN) has been proposed as a
potential solution. F-RAN evolves from the traditional C-
RAN architecture to address fronthaul congestion and latency
issues. It replaces RRHs with fog access points (FAPs) that
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integrate both caching and application processing capabilities.
By bringing caching and cooperative radio resource man-
agement to the network edge, F-RAN reduces the need for
most data applications to traverse the entire network, thus
alleviating pressure on fronthaul links and reserving capacity
for latency-sensitive or processing-heavy tasks. This evolution
places time-critical computing functions, such as cooperative
radio resource management (CRRM) and cell-free MIMO
signal processing, at the edge of the network. As a result, F-
RAN can significantly extend the capabilities of conventional
networks, enabling more efficient resource management and
enhancing overall performance [2]–[6].

Furthermore, although the cloud layer in an F-RAN remains
responsible for handling resource-intensive tasks and large
volumes of data [7], the addition of processing and caching
capabilities at FAPs at the network edge significantly changes
data flow. By enabling these functions locally, F-RAN reduces
the amount of channel information transmitted over long
fronthaul links to the cloud for network control tasks, such
as resource management. This also allows content acquisition
and network control to be coordinated more efficiently at the
fog network access layer. As a result, the F-RAN architecture
can improve channel accuracy, leading to higher transmission
rates and lower latency [6].

Although F-RAN demonstrates promising performance ben-
efits, it also faces unique challenges that must be addressed
before it can be fully operational [8]. With radio resource
management and content acquisition capabilities enabled at
the edge, cooperative methods need to be developed among
FAPs for the distributed system. Given that FAPs can be
densely deployed to serve a large number of user equipments
(UEs), lack of cooperation among FAPs can lead to significant
interference in the coverage areas of different FAPs. Therefore,
joint UE-FAP association and transmit power management
are essential for managing available resources efficiently. The
issue of UE-FAP association in F-RANs has been explored in
[9] and [10], which considered either the signal to interference
plus noise ratio (SINR) [9] or received signal power [10].
However, these studies ignored the fact that each FAP only
has limited resources to meet UE demands for services and
content. When a single FAP is connected to many UEs, it
risks becoming overloaded, which can significantly degrade
performance within the fog network. Therefore, implementing
load-balancing algorithms is crucial to ensure a smooth user
experience [11]. Additionally, most research that focuses on
UE-FAP association, including data caching [12], [13], has
not considered that a significant portion of Internet content
is generated from delay-sensitive applications, such as inter-



2

active content and banking services [14]. When UEs that are
connected to fog networks need to access this kind of delay-
sensitive data, addressing the latency becomes essential in the
UE-FAP association.

Considering factors such as the fronthaul load, cache pri-
oritisation, user equipment (UE) performance requirements,
network resource constraints, and the impact of edge comput-
ing, the association between UEs and FAPs presents a high-
dimensional challenge under distributed architecture, which in-
volves co-design of communication, computing and control to-
wards optimal system performance. Existing research solutions
do not adequately address this complexity. When the num-
ber of UEs is large, achieving optimal performance through
traditional algorithms becomes nearly impossible due to the
high computational complexity involved. Recent research has
studied deep learning-based solutions within the distributed
architecture by allowing distributed nodes, e.g. access points,
to act as agents and exploring information/experience sharing
among agents for decision-making [15]–[17]. In [15], within
a distributed mobile edge computing (MEC) environment,
MEC nodes, acting as agents, communicate with each other to
increase the number of observations available to each agent,
which improves the decision-making for optimal association
between MEC nodes and devices. In distributed networks,
experience sharing among agents has been demonstrated as
a powerful tool for enhancing performance [16], [17]. For
instance, [16] explored experience sharing by allowing agents
to simultaneously perform policy optimisation and evaluation
through actor-critic mechanisms. Multiple agents interact in-
dependently with separate instances of the same environment,
sharing their experiences without directly influencing each
other’s decisions. This setup enables efficient learning while
maintaining simplicity, similar to single-agent learning under
the same environment for all agents. Furthermore, recent
research considered the environment dynamics for multi-agent
reinforcement learning (MARL). Agents actively exchange
information about the environment, which allows them to
make joint observations and coordinated actions. This form of
experience sharing can significantly enhance network perfor-
mance, especially in distributed systems where multiple agents
need to work together effectively. In [17], how agents can
learn cooperatively was explored, leading to faster learning and
improved decision-making. By sharing observations and coor-
dinating actions, agents in distributed networks can overcome
the limitations of isolated learning, leading to more efficient
resource management and overall improved performance.

However, these results are only applicable to fully observ-
able or complete Markov Decision Process (MDP) environ-
ments, where agents operate independently within separate
instances of the same environment. In the aforementioned
studies, when agents share the same environment, extensive
communication is needed before they can make a decision
[18]. In the context of the F-RAN architecture, meeting latency
requirements is critical. In practice, FAPs acting as agents
can only partially observe the environment, resulting in a
partially observable MDP (POMDP). Attempting to exchange
observations to form a joint understanding and coordinated
action would introduce significant communication overheads.

A potential solution to this problem in MARL would be
to train a double deep Q-network (DDQN) to learn about
the environment. DDQN is a reinforcement learning (RL)
method that employs two networks, an estimation network
and a target network. This approach, proposed in [19], was
originally designed to address the limitation of classical deep-
Q-network learning, which only uses one estimation network
to learn. By introducing a target network that is updated
gradually, the stability of the learning process improves. The
target network is assumed to be a more accurate representation
of the ground truth, providing the estimation network with
a benchmark for comparison. This setup allows for more
stable decision-making. Original DDQN performs well in
single-agent environments, where it can effectively estimate
MDP state transitions and rewards. However, its performance
declines in multi-agent, partially observable MDPs (POMDPs)
[20]. In an F-RAN, multiple FAPs create a shared POMDP
environment. In this environment where each agent seeks
to maximise its own reward, effective cooperation becomes
challenging. The estimation network struggles to accurately
predict and reflect the actions of other agents, leading to
higher uncertainty and reduced stability. This issue remains
unresolved even with gradual updates to the target network
and extended training times, making it difficult for the agents
to learn effectively in these complex environments.

This paper aims to tackle the challenge of the UE-FAP
association in the F-RAN architecture by modeling it as a
partially observable distributed MARL problem. In the model,
each FAP operates as an independent agent, while also collabo-
rating with other FAPs to maximise the number of served UEs
under certain constraints. Due to the dynamic nature of the
environment, agents must learn that trade-offs are necessary
to accommodate the maximum number of UEs and adapt the
solution to satisfy UE requirements. The main contributions
of this paper are summarised as follows:

1) We analyse the distributed F-RAN architecture and
find that due to the low latency requirement in future
wireless communications, agents may not have enough
time to exchange complete state information. Since
a fully observable MDP cannot be developed due to
strict constraints, we formulate a POMDP environment.
Acting as deep learning agents, FAPs must learn not
only how their actions affect the system state, but
also how to predict the actions of other agents in the
same state. Our analysis shows that traditional low-
complexity algorithms perform poorly in the F-RAN
environment, as they prioritise greedy UE associations
that benefit individual FAPs rather than optimising the
entire system’s performance.

2) We propose a solution for a POMDP environment called
multi-agent distributed double deep Q-network (MA-
DDQN), which adopts an experience exchange method
to share information, such as the states, actions, rewards,
and subsequent states between agents in the environ-
ment. This approach is particularly helpful in making
deep learning agents diverge from a local optimum
solution, as agents can build a larger knowledge base
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required for learning than they would independently. Un-
der the system constraints, we demonstrate how agents
can effectively use the experience exchange mechanism
without modifying the neural network hyperparameters,
ultimately achieving better rewards compared to low-
complexity, hard-coded methods. The simulation results
show that the proposed algorithm outperforms the con-
ventional DDQN algorithm which uses no experience
exchange.

The remaining structure of the paper is as follows. In
Section II, the system model is introduced as an iteration of C-
RAN, with distributed coordinated multi-point radio resource
allocation. Section II also formulated the main optimisation
problem, including the constraints. In Section III, based on an
overview of the RL concepts, we propose a novel deep RL
algorithm to solve partially observable multi-agent problems
and design an environment which simulates network dynamics.
In Section IV, the results of training and simulation are
presented and discussed, and the paper is concluded in Section
V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Transmission model

Consider an F-RAN architecture including a set of FAPs
J with a total of |J | = J FAPs, each of which is equipped
with M antennas, as shown in Fig. 1. FAPs are connected
to the cloud network through the fronthaul links. They are
also connected to each other via high-speed fibre links in a
mesh topology [21]. In F-RAN, network access layer requires
horizontal connectivity to allow FAPs to exchange information
required for cell-free CRRM [22], as such, links between FAPs
are utilised to share network information with low latency.
FAPs can connect to multiple UEs by using cell-free MIMO
methods for joint transmission and coordinated beamforming
[23]. The set of UEs to be served is denoted as K, with a size
of |K| = K. It is assumed that each UE has a single antenna.
Each FAP can be associated with a number of UEs through
multiple beams, and the association factor between UE k ∈ K
and FAP j ∈ J is denoted as a variable xj,k, given by

xj,k =

{
1, if k is associated to FAP j,

0, if not.
(1)

The sum of associations
∑

k xj,k,∀j ∈ J is the cardinality of
set K(j) that includes all the UEs associated with FAP j. The
union of all association sets produces a set of UEs associated
with the fog KΦ and is shown as

⋃J
j=1K(j) = KΦ.

Note that even if the interest lies in associations within
fog with global synchronisation between FAPs assumed, some
information may not be known by the rest of the FAPs.
In a downlink communication scenario, UEs estimate the
channel condition and feed it back. Assuming that the channel
condition is perfectly known, UE k requests content ck =
[0, 1, · · · , ϕ, · · · , ϕmax] of size bϕ. If the content request is
fulfilled, UE k is considered as served. When the UE service
request is done, it is included in a set Kd, and the number
of served UEs will be given as |Kd| = xd. Employing cell-
free MIMO [22] [24], the file would be jointly transmitted to

the UE in multiple streams of simultaneous message signals
sk. With coordination, interference alignment between APs is
possible, and UE k can be associated with multiple FAPs,
while UEs that are not associated with all FAPs can also
receive a signal with reduced interference from other FAPs
[25]. Since the UEs are static, the main source of interference
is the inter-stream interference between FAPs. As such the
received symbol at UE k is given by

yk =
∑
j

xj,kpj,kh
H
j,kwj,ksk +

∑
j

∑
i ̸=k

xj,ipj,kh
H
j,kwj,isi + n,

(2)
where n is the additive white gaussian noise (AWGN), satis-
fying N (0, σ2). pj,k is the waterfilling power allocation from
FAP j to user k. hj,k is the CM×1 static complex Gaussian
channel model composed of M channel responses, denoted as

hj,k =
[
PLABG

j,k hj,k,1 PLABG
j,k hj,k,2 · · · PLABG

j,k hj,k,M
]T

(3)

where each entry hj,k,m represents the channel of UE k to
antenna m of FAP j. Defining PLABG

k as a pathloss coefficient
that follows the ABG urban micro open space pathloss model
[26] for high frequency communications, the pathloss coeffi-
cient for frequency f , distance dj,k from UE k to FAP j, with
log-normal shadowing χABG

σ is evaluated as follows

PLABG
j,k (dj,k) =10 · 2.6 · log10

(
dj,k
1m

)
+ 24+

10 · 1.6 · log10
(

f

1GHz

)
+ χABG

σ .

(4)

BBU Pool
Core Network

Data Center

Fronthaul
Links

FAP1 FAP2

FAP3

UE2

UE3

UE4UE1

Cache 1 Cache 2

Cache 3

Fig. 1: System model showing a F-RAN deployment as an
extension to the cloud. Backhaul links between FAPs (short
dashed lines) allow for CRRM.
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In (2), wj,k is the CM×1 transmitter beamforming weights
vector. For simple analysis, zero-forcing is considered for the
transmit beamforming vectors [27], given by

wj,k = (hH
j,khj,k)

−1hj,k (5)

FAPs have limited instantaneous transmit power, denoted as
P TRI
j , given by

P TRI
j =

∑
k

P TRI
j,k =

∑
k

xj,kpj,k

∣∣∣∣ wj,k

|wj,k|

∣∣∣∣2 , (6)

where the precoding vector wj,k is normalised by its mag-
nitude to ensure that only interference cancellation is being
performed by the precoding vectors.

The resulting signal to interference plus noise ratio (SINR)
experienced by UE k is given by

γk =

∑
j xj,kpj,k|hH

j,kwj,k|2∑
j

∑
i ̸=k xj,ipj,i|hH

j,kwj,i|2 + σ2
. (7)

The corresponding data rate of UE k is denoted Rk, given by

Rk = log2(1 + γk), (8)

B. Cache and Scheduling Model

Consider that the F-RAN has caching capabilities at FAPs
for an improved UE experience. FAPs will be located within a
small area to support the transmission of delay-sensitive con-
tents. Considering FAPs only have limited caching capability,
the caches will be populated by a uniform random distribution.
Content availability in FAP j is denoted as a binary value
cj,ϕ ∈ {0, 1}, and

∑
ϕ cj,ϕ ≤ Cj , where Cj represents the

cache capacity. To guarantee the latency requirement, δth, for
the contents, it needs to analyse the user experienced delay,
depending on whether content is present in the caches. As a
UE demands content ϕ of size bϕ, each FAP is aware if it is
present in the cache, as such, the delay for UE k is split into
three cases

δk =


bϕ

(
1
Ψj

+ 1
Rk

)
, if cj,ϕ = 1

bϕ

(
1
Ψj

+ α 1
Rbh

+ 1
Rk

)
, if cl,ϕ = 1 , l ̸= j

bϕ

(
1
Ψb

+ 1
Rfh

+ α 1
Rbh

+ 1
Rk

)
, otherwise.

(9)

In the first case in (9), Ψj denotes the processing speed of
FAPs. Ψb is the processing speed of the BBU pool and it
is going to be assumed that Ψb > Ψj . In the second case,
the content is not available in the immediate FAP, but can
be acquired from adjacent FAP l. Rbh is the backhaul link
rate, and α denotes the minimum number of hops required to
acquire the content. In the final case, the content is unavailable
in the adjacent FAPs, as such the content has to be acquired
from the cloud through the fronthaul. Fronthaul rate is defined
as Rfh and the typical relationship among the transmission,
backhaul, and fronthaul rates is given by

Rk ≤ Rbh ≤ Rfh (10)

where Rfh and Rbh are assumed to be constant, and if in use,
they can be close to their capacities. Since δk is dependent
on Rk and, as a result on how many FAPs are associated
with user k, some FAPs may need to wait before content is
acquired before transmitting the content. As such, if the FAPs
associated with the UEs have different contents in caches, the
highest delay value is used.

Corresponding to three cases, FAPs that are associated with
UE k will consume a different amount of power to acquire the
content through the network. Fronthaul and backhaul consume
power at a time instant, modeled as

PXH
j,k =


0, if cj,ϕ = 1

α (PONU + PLS) +NLCPLC, if cl,ϕ = 1 , l ̸= j

α (PONU + PLS)

+NLCPLC +mPSW + PSWB, otherwise.

(11)

In the first case in (11), content does not need to traverse
the network and is present in the cache, meaning no x-haul
power is being consumed. A linecard (LC) is a piece of x-haul
hardware used for a multitude of functions, such as digital-to-
analog conversion within switches and local communication
between FAPs and the cloud. In the second case, NLC and
PLC represent the number of LCs used in the network and the
power consumed by each LC, respectively. LCs can be shared
in the scenario of sharing the same wavelength, as such, no
more than one LC will be used in this model. In the same case,
PONU and PLS are the power consumed by optical network
units, used for high-speed data transmission, and each switch
along the path in the backhaul, respectively [28]. In the final
case, PSW denotes consumed power at each switch port in
the cloud and m is the number of switch ports used in the
content’s path. PSWB is the baseline power consumption of
the cloud switch.

C. Problem Formulation

Through the UE-FAP association, which generates a set
KΦ, the performance objective is to maximise the number
of UEs xd, which are served by the fog, with their latency
requirement, δth being satisfied. Since the power consumed
is different for all UEs, due to varying delays, energy con-
sumption will provide some trade-off if the UEs’ requested
content is unavailable, but they are experiencing high SINR
conditions. The total power consumption can be derived as a
sum of the x-haul power consumption and FAP beamforming
power consumption to serve all selected UEs and is expressed
as

Ptot =
∑
j

(
P TRI
j +

∑
k

PXH
j,k

)
. (12)

Finally, the problem formulation of user-FAP association is
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given by

O1: argmax
KΦ

xd, (13a)

s.t. P TRI
j ≤ PT ,∀j (13b)

Rk ≥ Rmin,∀k (13c)
δk ≤ δth,∀k (13d)
Ptot ≤ Pth (13e)

where the first constraint (13b) limits the transmit power of
FAPs, which also limits how many UEs can be served by
individual access points. Constraint (13c) guarantees that the
UE sets selected by the system have satisfactory rate perfor-
mance for serving groups of FAPs. Since fronthaul is used for
accessing data that is not present within the fog, the latency
constraint δth shown in (13d) can help locate UEs with low
transmission rate to benefit from files located within the caches
in the fog, and place high rate UEs to the fronthaul, in which
case the delay introduced by the fronthaul links is endurable.
δth can be chosen differently for different types of contents.
Fronthaul links also consume power, which introduces Pth
as the power constraint in (13e). Fronthaul consumes much
more power than radio transmission, if unconstrained, selected
UE sets can consume tremendous amounts of power [29].
Reducing the amount of power consumed by the UEs means
sustaining as many communications within the fog as possible.
This benefits the overall goal of improving energy efficiency
in the upcoming generations of mobile communications [30].
Further, looking at the delay characteristics in (9), if all pos-
sible requested UE content is present in caches, the selection
becomes rate dependent, rather than relying on reducing the
number of links being used for fronthaul transmissions. As
such, a fixed solution is not beneficial and must be adaptable
to many different factors in the network.

Due to the presence of an integer optimisation variable and
multiple floating-point constraints, this problem becomes a
non-convex mixed-integer non-linear programming problem.
Consider the following factors: 1) there are K UEs, 2) each
UE can associate with more than one FAP, 3) a total of M UEs
can be admitted at one FAP with M antennas, and 4) the sets
of selected UEs can be different at each FAP. Therefore, the
computational complexity for an optimal brute-force solution
at each FAP j is O(JKM ). With this combinatorial explosion,
finding an optimal solution is difficult, and using brute-force
search methods is computationally infeasible even at relatively
small networks (M ≈ 8, K ≈ 16). To find feasible solutions
to the problem, we will adopt a deep RL-based method, which
has high potential in dealing with dimensionally complex
problems.

III. DISTRIBUTED DOUBLE DEEP Q-NEURAL NETWORK

This section presents how RL can be evolved and applied
to the F-RAN. When solving problems using RL in com-
munication problems, the solution is generally based on a
fully observable MDP. While MARL can be easily applied to
networks with full knowledge of the system state, it requires
a high amount of communication between agents. Due to a
low latency requirement raised for F-RAN, applying RL to

solve the F-RAN optimisation problem in (13) using a fully
observable MDP is infeasible. Therefore, we formulate the
environment as a POMDP. Then, a modification to the state-
of-the-art deep RL algorithm is proposed to solve POMDP
problems based on designing the environment which simulates
the network dynamics.

A. Deep Reinforcement Learning
Deep RL is termed ”trial and error learning”. FAPs act as

agents. Therefore, there are J agents in the network. An agent,
which is an intelligent entity represented by a neural network,
interacts with an environment and learns how to map rewards
from actions taken in states [31]. The UE-FAP association in
F-RAN can be represented as an MDP with state and action
spaces, denoted S and A, respectively. The smallest time unit
experienced in the network is called a timestep t, and T
timesteps are defined as an epoch. A snapshot at t is known
as an experience Ej(t) = {oj(t), aj(t), rj(t), oj(t+ 1)}, in
which an agent j observes a part of the state oj(t) ∈ s(t),
where s(t) is the full state of the environment at timestep t.
Observations oj(t) can be continuous and infinite [32], which
leads to a requirement of a large number of experiences to
learn about the environment behaviour. Since each agent has a
limited observation oj(t) of the system state, s(t) is composed
of multiple observations experienced by all agents individually
at timestep t i.e. s(t) = [o1(t) o2(t) · · · oj(t)]. Using
this information, the agent chooses an appropriate action
aj ∈ A, resulting in a new state s(t + 1) ∈ S and
observation for each agent oj(t+1). Each agent takes actions
on their respective partial observations, and the action vector
is given by a(t) = [a1(t) a2(t) · · · aj(t)]. Unlike in a
deterministic environment, it cannot be guaranteed that an
agent taking an action will lead to the expected state. An
example in our environment is to decide to associate a FAP
with one UE. Because of lack of inter-agent communication
prior to deciding, the UE may be overlooked by other agents.
Furthermore, channel conditions can be random, and not
dependent on the agents’ previous actions. When an action
is chosen at every agent, the agents perceive state transitions
from state s(t) to s(t + 1) with a time-varying probability,
which is denoted as Π(s(t+1), r(t)|s(t),a(t)). With the state
transitions, a reward rj(t) is distributed equally among the
agents. The reward determines how good or bad the agents’
decision is and is closely related to the optimisation objective.
The purpose of an RL agent is to maximise the long-term
rewards. For example, choosing to associate FAPs with UEs
that historically have not given good rewards may result in
suboptimal performance and it would be expected that the
agents will be less likely to associate with those UEs. The
transition probabilities are dependent on the state that all the
agents are in. However, it still applies that the sum of these
probabilities is as follows∑
s(t+1)∈S

Π(s(t+ 1), r(t)|s(t),a(t)) = 1, ∀s ∈ S, a ∈ A.

(14)

Furthermore, the connection between t and t+ 1 is temporal
and the timestep progresses once an action has been made
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by all agents. Since the goal of each agent is to maximise
the combined expected reward maxE[r(t)|sj(t)], the agents
have to work collaboratively to learn a method to achieve the
optimal outcome. The strategy is an approximated function
or a neural network map β of taking any action aj under
a given state oj . Since we want the agent to learn about
the environment to maximise the possible reward, we are
interested in the value of taking an action while in a given
state. This is denoted as a Q-value and is derived as

Qπ (sj(t), aj(t)) =∑
sj(t+1)

Π(sj(t+ 1), r(t)|sj(t), aj(t)) · (15)

·
[
r(t) + ρ max

aj(t+1)
Qπ(sj(t+ 1), aj(t+ 1))

]
,

where ρ ∈ [0, 1) is introduced as the discount rate, choosing
values closer to 1 makes the agent more exploratory, whereas
values closer to 0 encourage the agent to be more greedy with
the actions.

Given sufficient experience, an RL agent following (15) can
find the optimal solution to any targeted problem. Explicitly
following the optimality equations is not feasible, as the
complexity is similar to exhaustive search. Looking ahead
to find the best options for each state results in a number
of assumptions as well, which are very unlikely to occur
in practice. Deep neural networks (DNN), which is also
referred to as deep Q-networks (DQNs) [32] can be used
to approximate working solutions. This approximation of Q-
values is denoted as Q(sj(t), aj(t);β), where β represents
the trained parameters of a deep network. It is commonly
known that DQNs can diverge in performance over a long
period of time, due to the correlation of samples [19]. Double
Deep Q-networks [19] and experience replay [33] have been
used to reduce the correlation between samples, and more
importantly remind the networks of rare states that they can
appear in, preventing divergence of the possible solution and
overestimating the predicted reward. The trained parameters in
the learning network are estimated by optimising a system of
loss functions for each time step. A loss function for a DDQN
[19] is given by

L(β) = E
[(
r(t)+

ρQ

(
sj(t+ 1), argmax

a
Q(sj(t+ 1), a|β)|β′

)
(16)

−Q(sj(t), aj(t)|β)
)2]

,

where a new variable β′ represents the target network param-
eters. As shown in Fig. 2, the structure of the target network
is the same as the estimation network with parameters β, with
the main difference being that the target network is updated
every N steps with β′ = β. In this way, the neural network
will produce the action that provides the least predicted loss
in the environment.

 Agent

 Environment

F-AP

Target
network

UE

Estimation
network

Calculate loss
function 

Update
weights

Uniform
random E

selection for
Off-Policy
learning

E buffer

Give
Reward 

Experiences from
other agents

Most recent
 to other agents

Recent experiences
from all agents sharing

experiences

Off-Policy

Mini Batch

Observed
state 

Feedback information
(SINR,CSI)

Take
action 

Take
action a

Update  every
 steps

Fig. 2: A Markov chain showing interaction between a learning
agent and environment, with multiple agents sharing experi-
ences for replay .

B. Environment Design

Consider an environment following the model defined in
Section II. In this section, the states, actions and rewards which
are available to each agent are defined in more detail. It is
assumed that all UEs enter and remain within the range of
their respective FAPs until their content requirement ck =
{0, 1, · · · , ϕmax} is met. As stated in the system model, UEs
provide feedback with CSI holding information about SINR
that they are experiencing γk, based on the estimated channel
strength |Hj,k|. The FAP itself holds information about the
power Pj , the availability of the content Cj,ϕ, and the expected
delay under current conditions δj,k. In this scenario, an agent is
located within each FAP, accessing the required observations.
An agent navigates the state-space observing one UE at a time,
and a single epoch lasts until all UE-FAP associations have
been determined, which is defined as an endgame. The specific
variables and values are elaborated as follows

• An endgame D ∈ {0, 1} is said to be reached (D = 1)
when all users in set K have been acted on, timestep
t = T , initially D = 0.

• The state observation vector for a single agent j is
oj(t) = {α, t, |Hj,k(t)|, Rk(t),max δ} and a collection
of observations from all agents is the full state of the
system s(t) = [o1(t) o2(t) · · · oj(t)]. This ensures
that the algorithm is flexible for a changing number of
UEs.

• An action aj(t) = {0, 1} is taken by all agents for
each UE in range at the same time, where action
indices correspond to ”do not associate with current
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user”, ”associate with current user”, respectively. A
collection of actions from all agents will be a(t) =
[a1(t) a2(t) · · · aj(t)].

• The reward r(t) is handed out to the agent after each
action and depends on the performance metrics resulting
from the decision. The reward function is defined as

r(t) =


−Ptot

Pth
−
∑

k
δk
δth
, if D = 0,

xd(t)− Ptot
Pth
−
∑

k
δk
δth
, if xd > 0 and D = 1,

rmin, if xd = 0 and D = 1,

(17)

where statistic of all UEs within a fog is readily available
to the agents.

The way the reward is formulated improves the prospects of
cooperation. For the first two conditions, performance metrics
are weighted by power and delay thresholds, Pth and δth,
respectively. This is used to normalise the impact of each
performance indicator in the rewards. Power consumption can
be higher by a factor of a thousand than the number of UEs
associated with and significantly larger than the delay. The
first condition grants the agent intermediary rewards based
on power consumption and expected delays for the current
number of selected UEs, and grants the agent with an ability
to familiarise itself better with state transitions. The second
condition assumes an end of association period and grants
the rewards based on the end result of the agent’s decisions.
The first term is the term that satisfies the primary objective
of a number of associations, and the second term describes
the condition of energy consumption within the network. The
last element of the equation is the sum of the delays that
the UEs are experiencing at the time of reward. The third
condition prevents the agent from not selecting any UEs, by
using a minimum reward, rmin, as this undesirable solution
theoretically grants null power consumption and does not
introduce any delays to other UEs. Hence, a variable reward
is chosen that would typically be lower than the rewards from
the top two cases. While the first case is useful in helping
the agent navigate the state-space, only the second condition
is important and shows how good the performance is when
the final decision is made. A high reward means that a large
number of UEs have been served with power consumption and
delay close to the threshold.

C. Constraint Handling

Agents only take actions based on the system observation
oj , and are not explicitly aware of the system constraints
defined in (13b)-(13e). To support system constraints, algo-
rithms implementing RL must have approaches to address
the constraint handling. The constraint handling method is
included in Algorithm 1. To make sure that constraints (13b)-
(13d) are satisfied, the algorithm verifies them whenever an
agent makes an action that would alter the selected user
set. Initially, if the FAPs are informed of the association
decision, they must send an association signal to UE k. Upon
collection of association signals, the number of FAPs wanting
to associate is fed back to each FAP. The outcome for a new

user set is found by calculating the expected Rk, Ptot, and δk
for all K users. If constraints corresponding to these values,
Rmin, Pth, δth, respectively, would be breached, an action must
be prevented and no association takes place. If these conditions
are met, the FAP must check if the new user set will breach
the association constraint, as the number of served users for a
single FAP is constrained by the number of antennas M .

D. Neural Network Workflow

When more than one access point can communicate with the
same UEs, coordinating their efforts, as opposed to competing
to provide resources to the same UE, provides a significant
performance boost [34]. Coordinated beamforming is typically
performed at a centralised node, such as the BBU of the
network, providing the highest boost in terms of sum-rate.
The drawback of using centralised coordinated beamforming
is the resulting long latency because of high dependency
on fronthaul rates [35]. Hence performing beamforming, by
aligning beamforming vectors at edge nodes, results in reduced
latency, due to more accurate channel information achieved at
the edge, which can equivalently achieve better performance
than centralised beamforming. The issue imposed by enabling
FAPs or edge-nodes cooperation is that overhead is required
in exchanging UE and decision information before UEs can be
served. This can be solved by predicting other FAPs’ decisions
using a deep learning method.

Most previous solutions focused on learning locally and
then sending data to a global aggregator, e.g. federated learning
[36], distributed learning [37]. Keeping data centralised has
its cons like reduced performance due to capacity constraints
and concerns, such as privacy and security. And, classical
distributed learning suffers from having to share model or
gradient data between agents, which can grow large with more
advanced neural networks present in access points. Solutions
can also consider agent placement inside UEs [38]. In such
scenarios, the agents may not be aware of the placement of
content or the network load, which would lead to degraded
performance. A more significant issue is that agents in UEs
might not be aligned with network goals, such as minimising
latency or maximising throughput, which would impact their
performance severely [39].

In our research, learning happens by agents exchanging raw
experience information Ej(t) = {oj(t)), aj(t), r(t), oj(t+1)}
with each other over backhaul links. This is most like col-
laborative evolutionary learning, as such information includes
essential parameters allowing FAPs to assess the environment
before making an action. Exchanging such data between FAPs
instead of sending it all to the core network or an aggregator
somewhere at the edge reduces loads on fronthaul links.
Models are also allowed to develop independently to max-
imise their performance among themselves. In this method,
agent cooperation is not only implicit, but also explicit, by
introducing experience sharing as shown in Fig. 2. Experience
replay buffers are used for single-agent off-policy learning
to prevent a high temporal correlation from recent samples
in learning and reduce variance in predicted rewards [32].
Sampling experiences in mini-batches using any probability
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distribution improves the agents’ ability to adapt the current
policy to previously experienced scenarios. This method of
learning is called off-policy learning since the data that is
sampled is not representative of the current policy used by
the network.

t=0 start. Each agent gets
observations 

FAP1

FAP2

FAP3

UE1
(good

rewards)

UE2
(bad

rewards)

UE3
(bad

rewards)

t=1 end. After learning from
experiences, agents can make better
decisions for 

FAP1

FAP2

FAP3

UE1

UE2

UE3

t=2 end. Agents can generalize and
learn what observation leads to good
rewards

FAP1

FAP2

FAP3 UE3

UE2

UE3

t=0 end. Each agent takes an action
for learning, exchanging experiences

 in the end

FAP1

FAP2

FAP3

UE1
(good

rewards)

UE2
(bad

rewards)

UE3
(bad

rewards)

Fig. 3: Workflow concept diagram showing how experience
sharing helps agents learn from other agents’ experiences as
if they were their own through off-policy learning.

Since, by definition, off-policy learning can be achieved
by sampling decisions made by other policies, we propose
to extend the algorithm by introducing experience exchange
between the learners. When the environment states are not
defined by finite integers or finite names, the state-space can
become exponentially large or infinite. Even with a limited
range, floating-point descriptor values can have infinitesimal,
but meaningful contributions to finding optimal or better
solutions. Additionally, with a large number of features, the
curse of dimensionality becomes prominent [40]. It becomes
difficult for agents to learn about the environment efficiently if
they learn alone. Additionally, due to multiple agents working
in the same environment and affecting the reward, the partially
observable property makes the environment even more difficult
to resolve [41], as the agents have to predict what actions
other agents would make, to maximise the reward. Refer to
Fig. 2 for an example flow diagram of a multi-agent deep Q-
network RL algorithm. If the agents learn individually, the
algorithm could provide good results eventually, with little

convergence guarantee. Without having enough data to learn,
agents are likely to perform actions that provide a local
optimum solution or no solution for an unexplored state.
Additionally, independent Q-learning struggles with learning
in multi-agent environments [20]. Learning efficiency reduces
with an increase of experience replay size, due to outdated
policies being present in the experience replay buffer for a
long period of time. On the other hand, a reduced buffer
size reduces the stability of learning, as the samples become
closely temporally correlated, which results in a high variance
in rewards, similar to the problem in [19]. Having agents
exchange experience information increases the amount of
experiences with policies that are different from the current
one and helps agents learn about states they could have
previously not visited. An example of this is shown in the
model for experience exchange in Fig. 3. At t = 0, agents
only have clean experience buffers or experience buffers with
their own previous experiences. The UEs contact all FAPs with
information relevant to the FAP, the FAP adds on additional
information about the state of the FAP and this constitutes
the observation oj(t). For the observation, each agent j will
make an action aj(t) at the same time. For each agent’s
action, a reward rj(t) will be estimated and granted to the
agent together with the next user’s state and this creates the
experience Ej(t) = {oj(t), aj(t), rj(t), oj(t + 1)}. At the
end of the step, each agent exchanges experience information
with every other agent. As time goes on, agents share raw
experience data with each other. With the number of shared
experiences increasing, agents’ decisions that lead to solutions
matching other agents with good rewards get reinforced. On
the other hand, solutions that would lead to local optimum
solutions, but do not benefit the overall goal as much, get
pruned, as shown in the t = 1 section of the same figure.
Furthermore, at t = 2, we show that due to the generalisation
property of Q-learning, agents do not need to get consistently
retrained on similar properties. If an observation matches a
previously observed solution, agents intuitively find a good
solution. In this case, not all agents have to test the experiences
individually. The experience information gets sampled in mini-
batch testing as shown in the Experience Handling plane in
Fig. 2.

E. MA-DDQN Algorithm Design

Off-policy learning is a powerful tool that improves con-
vergence speed and guarantees robustness in novel deep RL
algorithms. Similar to (16), the loss function with experience
replay can be extended as

L(β) = EU∼(E)

[(
r(t)+

ρQ

(
sj(t+ 1), argmax

a
Q(sj(t+ 1), a|β)|β′

)
(18)

−Q(sj(t), aj(t)|β)
)2]

,

where the addition to the function appears next to the expec-
tation operator. U ∼ (E) is defined as a uniform distribution
over the experience database E . The uniform distribution
also includes the current state that the agent is experiencing.
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This solution was fine for single-agent environments, but
was not well explored in multi-agent environments. Usually,
this was circumvented in literature by implementing more
complex algorithms, allowing full tracking of historical states,
like DRQN [42], or by performing centralised training and
executing distributively [43], which led to large overheads in
the network due to the sheer data requirement to download the
new models. The proposed Multi-Agent Distributed DDQN
Algorithm addresses these issues by decentralising experience
sharing. It enables agents to exchange compact experience
tuples, enhancing generalisation while maintaining computa-
tional and communication efficiency.

Algorithm 1 Multi-Agent Distributed DDQN in F-RANs

1: Initialise environment which will run for T time steps and
has K UEs, J FAPs with M antennas, J agents βJ =
[β1, β2, · · · , βJ ], and J empty experience replay buffers
Ej = ∅ ∀j

2: for t < T do
3: for all agent j do
4: Agent receives oj(t) and performs action aj(t)
5: if aj(t) = 1 then
6: FAP j predicts Rk, Ptot and δk ∀k
7: if Rt > Rmin and Ptot < Pth and δt < δth then
8: if aj(t) = 1 and

∑
t xj,k(t) < M then

9: Associate with UE k(t)
10: else
11: Remove UE k(t− 1) associate with UE k(t)
12: end if
13: end if
14: end if
15: Agent receives reward r(t), stores result in Ej(t) =

{oj(t), aj(t), r(t), oj(t+ 1)} and updates βj ← (18)
16: Agent appends Ej ∪ Ej(t) and transmits Ej(t) to

adjacent agents
17: end for
18: for all agent j do
19: j receives experiences and appends them to its own

buffer Ej ∪ {Ej−1(t), Ej+1(t)}
20: for all o′ sampled by U ∼ (Ej) do
21: j updates βj ←(18)
22: end for
23: end for
24: end for

Algorithm 1 demonstrates how experience sharing is im-
plemented in a multi-agent reinforcement learning (MARL)
system operating in fog radio access networks (F-RANs).
In this setup, J agents (deployed at fog access points, or
FAPs) interact with their respective environments, taking ac-
tions aj(t) based on observations oj(t) and receiving rewards
rj(t). Each agent maintains an experience replay buffer Ej ,
which is populated with tuples (oj , aj , rj , o

′
j) from its own

interactions. Additionally, agents exchange these experiences
with neighboring agents to enrich their buffers with diverse
off-policy samples.

The algorithm operates as follows:

1) Each agent observes its local environment, selects an
action, and stores the resulting experience tuple in its
replay buffer (Lines 3–14).

2) Agents share their experiences with neighbors, allowing
the buffers to incorporate information from multiple
perspectives (Line 15).

3) Using the shared buffer, each agent samples a batch of
experiences to update its policy via the loss function in
Equation (18). This enables agents to learn from both
on-policy and off-policy experiences without incurring
significant computational or communication overhead
(Lines 16–20).

This decentralised approach avoids the large overheads as-
sociated with centralised training methods by limiting commu-
nication to compact experience tuples instead of full model or
state data. By increasing the diversity of experiences available
for training, the algorithm improves generalisation and sample
efficiency, which we formalise in the following theorem.

Theorem 1. Let all agents have identical action spaces,
i.e. Ai = Aj for any i, j ∈ N , and observation spaces
Oi = Oj ⊆ S , where S is the global state space. At any
time t, each agent j observes oj(t) ∈ Oj and takes an action
aj(t) ∈ Aj . If δsim is the difference between environment
transitions, the environments Ei and Ej of agents i and j are
sufficiently similar – defined as ∥Pi(o

′|o, a) − Pj(o
′|o, a)∥ ≤

δsim for all o ∈ O, a ∈ A – sharing experiences improves
generalisation, which is quantified as a reduction in the
expected value function error (16). This is achieved by filling
an agent’s local experience replay buffer B with diverse
solutions a∗j (o, t) for the same observations o from multiple
agents. Experience sharing does not require the agents to
exchange large model parameters, reducing bandwidth costs.
Raw observational data does not need to be exchanged when
making a decision either ensuring minimal communication
overhead and computational efficiency.

Proof. This theorem is based on the fact that sharing diverse
experiences between agents can improve generalisation in
multi-agent partially observable Markov decision processes
(POMDPs). While similar results are known for full MDPs, as
in A3C [17]. These results do not directly extend to POMDPs
due to the interaction of agents with a shared environment. In
POMDPs, actions of one agent will affect the environment’s
dynamics, influencing other agents’ later observations and
decisions. This interdependence introduces complexities that
require further exploration.

Let Oj denote the observation space for agent j and Bj
represent its local experience replay buffer, where experiences
are stored as tuples Ej(t) = {oj(t), aj(t), rj(t), oj(t+1)}. In
this scenario, each agent relies on its own experience replay
buffer Bj , which is limited by the trajectory the agent takes in
the environment. This is can cause agents to overfit, leading
to bad generalisation when the environment or other agents’
behavior changes.

Experience sharing mitigates this issue by exchanging tuples
Ej(t) between agents with sufficiently similar environments.
Including shared experiences into each agent’s replay buffers
increases diversity of training samples available for each agent.



10

This diversity ensures better approximation of the true Q-value
function Q(o, a)∗, as the expected error in Q-value updates
decreases due to a better representation in sample distribution.

From a theoretical perspective, adding diverse off-policy
samples improves sample efficiency and reduces the variance
of Q-value updates, as shown in prior studies [19]. Since
uniform sampling is used in the shared buffer, the com-
putational complexity remains unchanged. Moreover, unlike
prior works [18], where off-policy samples led to instability
due to outdated policies, our method benefits from sharing
experiences generated under policies closer to the current one,
as agents operate in sufficiently similar environments.

Algorithm 1 demonstrates how this process is implemented
in practice. The results show that shared experiences enable
agents to make decisions that lead to a higher reward and
converge faster in training. This shows that using shared
experiences is a robust approach for improving multi-agent
system performance without introducing additional computa-
tional overhead.

F. Complexity Analysis

To analyse the complexity of Algorithm 1, we consider the
per-agent computational complexity of neural network updates
and experience replay, as well as the total communication
overhead introduced by experience sharing.

Computational complexity is introduced from experience
replay and neural network updates. The experience replay
mechanism contributes additional complexity, as each agent
samples B experiences from its local replay buffer Ej of
size Ereplay. If uniform random sampling is used, however,
this corresponds to O(1). For each agent, updating the Dou-
ble Deep Q-Network involves forward and backward passes
through the network. If the network has κ connections and
ψ parameters, and processes batches of size B, the per-agent
update complexity is:

O (B(κ+ ψ)) . (19)

The communication overhead arises from agents sharing
their experience tuples (oj , aj , rj , o

′
j) with their neighbors. If

each tuple has a size of Tuple size, and each agent shares B
tuples with its J − 1 neighbors, the communication cost per
agent is O ((J − 1)B × Tuple size). For all J agents, the total
communication cost per step is O(J(J − 1)B × Tuple size).

When accounting for bandwidth constraints, and if at each
step, an agent will share one tuple (B = 1), the overhead
introduced by communication scales as:

O
(
J(J − 1)× Tuple size

Bcomm

)
, (20)

where Bcomm is the available communication bandwidth.
The computational complexity of the algorithm changes

linearly with the batch size B, and also depends on the neural
network’s structure, such as connections κ and parameters ψ.
The communication overhead, however, scales quadratically
with the number of agents J , since each agent exchanges

information with every other agent. Sufficient communica-
tion bandwidth can help mitigate delays, but in bandwidth-
constrained scenarios, communication overhead may become
the bottleneck. Even still, the communication cost does not
scale as high as algorithms that exchange model information,
such as weights or gradients [36], [44], as the experience tuple
is significantly smaller than the network that will be processing
it.

IV. SIMULATION RESULTS

In this section we present the performance of the pro-
posed algorithm compared to a multi-agent individual DDQN
(IDDQN) learning method. Both IDDQN and MADDQN
agents are defined as neural networks and are implemented
using PyTorch. Both consist of a target and estimation neural
network, as defined in Fig. 2, which are fully interconnected
neural networks as shown in Fig. 4 with an input layer
of 5 neurons, 4 hidden layers composed of 64, 128, 3136,
256 neurons in each layer respectively, with the output layer
mapping the Q-values Q(o, a) calculated by the hidden layers
to the number of actions a and the action with the highest
Q-value is chosen. The neural network and can be altered in
the process of optimisation to reduce resource requirements
and achieve different results. The hidden layers are composed
of rectified linear unit (ReLU) neurons, where ReLU is a
piecewise linear function. These units are standard for deep
learning algorithms as they do not suffer from the vanishing
gradient problem, which is common in multi-layer learning
algorithms. When inputs arrive at neurons they are summed,
and the ReLU function will output the input if it is positive,
otherwise, the output will be zero. The final layer results are
then split into a value layer, the sum of which provides the
predicted Q-value for a decision. Results have been presented
for the proposed algorithm after 50,000 training timesteps, as
specified in figure captions. At the end of training, the network

⋮ ⋮

Hidden Layers
(64 128 3136 256)

Input Layer

Q⋮

Output Layer

Highest
Q-Value

⋮

Fig. 4: Neural network used for DDQN and MA-DDQN
algorithms.
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shows predictable converged behaviour and is operating with
5% chance of taking a random action. An additional corrective
experiment has been carried out, with a 3GPP Max-SNR
method, as well as by performing corrections to the PyTorch
implementation of the agents, which is presented in Figures
5(b), 6, 7(b).

A. Training Results
Agents are deployed in the environment as described in III.B

and their neural networks are initialised with arbitrary random
parameters at t = 0. The learning results are achieved with a
discount rate ρ = 0.99, learning rate µ = 0.00025, experience
batch size SE = 512, pre-training steps Tpretrain = 512,
probability of random action during training ϵ is chosen in
a reducing value over time between the values [0.99 : 0.05],
the minimum reward is rmin = 0. Simulation parameters for
both algorithms are chosen to include J = 3 FAPs and
agents in the environment, with a max transmit power of
PT = 30W, the number of users is K = 20 to ensure a quick
feedback loop and each user has a minimum rate requirement
of Rmin = 5 Mb/s. The network can consume Ptot = 1000
W of power and introduce a delay of δth = 0.1s. Training
results are shown in Fig. 5 which are achieved from running
2 different training scenarios. In scenario shown in Fig. 5(a)
the agent updates the target network every τ = 119 steps. This
is done deliberately. High density of target network updates
destabilises learning because of high temporal correlation
between the two networks. We wish to see if our algorithm
accommodates training with inherent lack of stability. It can
also be observed that the agent performance drops at the end
of training, this has been investigated and was caused due to
the agents converging to a local optimum solution, which can
be resolved by introducing additional exploration strategy into
the behaviour of the agents. This is showcased in the second
scenario in which some corrections are perfomed that improve
the performance of the deep learning agents. The corrections
are as follows:

1) To encourage more diversity in actions, the action space
is expanded to be 4 actions [1. Skip, 2. Do not Asso-
ciate, 3. Associate with 50% probability, 4. Prioritise
associate]. While ”Skip” and ”Do not Associate” both
lead to the same outcome, it prevents agents from getting
stuck in a suboptimal policy in a stochastic environment
[31].

2) Agents in this environment benefit from exploration. The
deterministic choice over the actions where the highest
Q-value action is chosen is removed. The agents use the
Q-values to compute Boltzmann probabilities for each
action using a softmax function, which is widely cited
in [31].

3) Agents update their estimation networks β every 500
steps. Since the agents are training for 200,000 steps,
the rule of thumb is to set the experience replay buffer
to be a tenth of the training steps. For a large experience
replay buffer, it is more efficient to learn once enough
data has been collected. The loss function calculation
in Fig. 6 shows how updating every 500 steps improves
agent stability in learning.

Algorithm 2 Cache Greedy Algorithm (Pseudocode)

1: Input: Cache Information (FileCache), User File Requests
(indices user), List of Access Points (APs), Channel In-
formation (Channel), Maximum Cache Size.

2: Output: Selected User Set for Each AP (SelectedUserSet).
3: for each user u in the system do
4: for each AP n in the system do
5: if u /∈ SelectedUserSetn and fileRequest[u] ∈

FileCachen and Size of SelectedUserSetn <
Max Cache Size then

6: Update SumRate with the new sum rate.
7: Update TrialUserSetn: Temporarily add user u to

user set for AP n.
8: Update SelectedUserSetn: Finalise user set associ-

ated with AP n.
9: end if

10: end for
11: end for

Algorithm 3 Sumrate Greedy Algorithm (Pseudocode)

1: Input: Channel information Channel, Signal-to-Noise Ra-
tio (SNR), List of Access Points (APs), Maximum Power
Pmax.

2: Output: Selected User Set for Each AP (SelectedUserSet).
3: for each user u in the system do
4: for each AP n in the system do
5: if u /∈ SelectedUserSetn and rates ZF [u] >

rateThreshold and Sum of Rates > SumRate then
6: Update SumRate with the new sum rate.
7: Update TrialUserSetn: Temporarily add user u to

user set for AP n.
8: Update SelectedUserSetn: Finalise user set associ-

ated with AP n.
9: end if

10: end for
11: end for

Results are smoothed out with a cumulative average of the
achieved rewards, to eliminate randomness of the results and
observe the trend in convergence behaviour of the algorithms.
The proposed MA-DDQN algorithm is compared to the in-
dividual learning DDQN (IDDQN) algorithm, which is the
only contender capable of solving the problem and is used
widely in other works. At the same time, suboptimal greedy
solutions and a 3GPP Max-SNR algorithm, which chooses the
users that have the highest SNR, are provided as a benchmark
in exactly the same random environment determined by an
equivalent seed. The greedy solutions are implemented as
shown in Algorithms 2 and 3. The main difference is the
objective of the algorithm – a cache greedy algorithm will
greedily choose users that it can minimise the number of
hops to the requested content for, while a sumrate greedy
algorithm will greedily choose users as long as it can increase
the achievable sumrate.

Since the base algorithm that is used for both IDDQN
and MA-DDQN is the same, a similar pattern in training is
noticeable in the beginning in both Figs. 5(a) and 5(b). It can
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(a) Test results for training steps T =50,000.

(b) Test results for training steps T =200,000 with
corrections.

Fig. 5: Training results over entire training period for DDQN
and MA-DDQN algorithms, higher is better. 1 epoch is equal
to 20 training steps.

be seen that the proposed algorithm shows faster convergence
and a higher overall reward at the end of training in both
scenarios, when probability ϵ is close to 0, while the standard
IDDQN algorithm shows a reduced average performance. As
a result of more experiences being available, for the same
training scenario as IDDQN, the MA-DDQN algorithm shows
convergence to a higher reward as training continues. It can
be seen from Fig. 5(a) that IDDQN agents diverge from the
solution more than they do for the scenario with more stable
target network updates. The proposed algorithm does not
show a similar deterioration, meaning that experience sharing
provides an extra layer of stability when learning. Comparing
the results to the Max-SNR algorithm which is closer than the
other greedy solutions, it is visible that choosing highest SNR
users results in a higher variance. While the number of users
oscillates a lot, when smoothed out, it can be seen that on
average, the number of users selected by the 3GPP algorithm

is lower than by the RL algorithms. This could be explained by
the fact that if the users are between multiple FAPs, they have
similar SNR, which causes the FAPs have significant overlap
between their selected user sets.

In Fig. 5(b) before-mentioned corrections have been per-
formed on the agents. The corrections have successfully
achieved a better performance in terms of rewards and users
served compared to the initial results. Previously, as seen in
5(a), as the epsilon value reduced, the agents’ performance
reduced as well, which meant that the agents were converging
towards a suboptimal solution. With the corrections, as the
epsilon value reduces, the agents have a slight decrease in
performance initially, but begin improving when the agents
are reliant on their learned solution (around the checkpoint at
t = 180, 000). The results of the corrected agents are slightly
larger at the end of training, with IDDQN performing better
as well. Compared to Max-SNR, the corrected agents perform
20% better. The corrected results in Fig. 7(b) follow this trend.

Fig. 6: Difference between predicted reward and received
reward over entire training period for DDQN and MA-DDQN
algorithms.

Fig. 6 shows a significant statistic to compare the used RL
algorithms, which is the learning loss. Learning loss, as stated
in (16) shows how much the agent deviates from the predicted
reward on a new decision. We see our algorithm show a better
average reward at the end of training in Fig. 5, however Fig. 6
shows an approximately 25% better learning performance due
to a smaller loss across the entire training period. The two
figures are connected. Since loss shows how well the agent
has generalised its previous experiences, an algorithm with
lower loss is less likely to overestimate or underestimate its
future solutions. At the end of training, when the number of
target update steps is small (τ = 119), the performance of
IDDQN is about 3 times worse than our proposed algorithm.
We see a lower loss of our algorithm at the end of training
being represented in Fig. 5. When agents are making decisions
with ϵ = 0.05 our algorithm trains agents to associate with
more users. This proves that exchanging experiences between
agents in a POMDP, thus increasing the number of experiences
in recent policies stabilises and improves training. We also
test how altering the target network update can affect the two
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TABLE I: Training results comparison for a large and a small
network using MADDQN

Users Average Loss Single Episode
Served Duration Learning Time

Large Network 7.449 0.0104s 40.1631 0.5625s
Small Network 7.551 0.0109s 42.9084 0.5000s

training algorithms, as it is known that larger time difference
between target network updates can stabilise learning further.
By performing the proposed corrections to the algorithm we
see that the performances of both algorithms improve, the
stability increases and the average losses decrease. Although
more stable when the target network update happens less often,
IDDQN does not catch up to the performance of MADDQN
and shows that IDDQN tends to overestimate the reward
compared to MADDQN.

Deep learning network size is a parameter that can be tuned
to achieve different results. Using a larger neural network
means that the results will take longer to be achieved. It
can take careful optimisation to achieve the best results when
considering the performance and size trade-off. Table I shows
the comparison of results when using a smaller neural network
running a MADDQN method. The results labeled ”Large
Network” are using the neural network described in the preface
to the section and shown in Fig. 4. The other results are from
a smaller neural network, having only 3 hidden layers between
the input and output and they are composed of 64, 128, 256
neurons each. It can be seen in the table that the simulation
results do not change significantly. The larger network serves
a smaller number of users, but chooses users more accurately
than the small network. This is backed up by the fact that
the duration that each user experiences is lower than that
of the small network, as well as the fact that the loss is
lower, meaning that the larger network is making the decision
while estimating the result more accurately. Depending on the
application, the decision on the size can be more impactful.
In the environment that we train the networks in, the extra
hidden layer introduces a 0.0625s overhead.

B. User selection results

In this and following sub-sections we take a look at practical
results. In this sub-section we explain how the reward in Fig.
5 gets influenced by the number of users that have been
successfully served by the system. The system has 20 UEs
in total. In this scenario, FAPs have a static cache holding
3 possible cacheable objects out of a total 4. UEs randomly
choose 1 out of the 4 files and make a request to the system.
In this scenario with a limited size cache, some files are not
present at some FAPs and they have to be acquired from
the cloud/Internet. If the file reaches the UE completely with
specified constraints, the UE is denoted as being served by
the system. IDDQN algorithm is deployed in the environment
for comparison with MADDQN algorithm as well as simple
greedy methods that are aiming to serve users with close
cache proximity or with higher sumrate. Greedy algorithms
fail to adapt to the environment and converge to an average
4 users served despite what is being prioritised. Despite

(a) Test results T =50,000, τ = 119

(b) Test Results T =200,000, τ = 150

Fig. 7: Simulation output showing the number of UEs served
under required constraints.

seemingly random performance looking at the greedy algo-
rithms we can see when we would expect better performance
from deep learning methods. A peak in greedy algorithm
performance is indicative of favourable conditions for deep
learning algorithms as well, since the environment seed is the
same for all algorithms. In Fig. 7(a), as in the reward for 3
cacheable objects (c.o.), the number of users served converges
to a solution at the end of training. When the updates of
target network are frequent, i.e. τ = 119 the MADDQN
algorithm learns about the environment better. Because of a
higher loss overall in this scenario, the opportunities to diverge
benefit MADDQN algorithm and provide it with more learning
experiences. DDQN performs about 40% worse at the end of
training, showing that the algorithm finds some strategies for
associating with different users across 3 FAPs, but the strategy
is not as good as the one found by MADDQN algorithm. A
similar conclusion can be drawn for Fig. 7(b). The IDDQN
algorithm comes close to the number of users served, while the
Max-SNR algorithm is about 20% worse due to its inability to
account for the cache placement in FAPs. When the number
of users served is compared to the reward, it can be seen
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that there is a bigger difference in the reward than there is
in the users selected. This is caused by the fact that IDDQN
chooses less optimal sets of users and results in higher delay
and power consumption compared to MADDQN. This is in
line with Fig. 6, where it is shown that IDDQN has worse
estimation capabilities than MADDQN.

In addition to exploring how changing hyperparameters of
training can affect the agents, it is also possible to change
the parameters of the environment. One of the significant
parameters to the system is the cache availability. We can
alter the number of cached objects in the FAPs to observe
if that improves or degrades the performance of deep learning
algorithms. We already have a reference for greedy algorithms,
so we remove their curves with curves of algorithms under test
for a reduced number of c.o, 1 c.o. instead of 3. The results for
this, shown in Fig. 8 are compared to the performance of 3GPP
standard Max-SNR algorithm. When algorithms converge, the
trend follows the fact that when the number of cached objects
decreases, the performances of both algorithms decrease as
well. However, the significant improvement of MADDQN is

Fig. 8: Simulation output showing the number of users selected
when the number of cached objects changes.

Fig. 9: Simulation output showing the average powers con-
sumed per user. Training steps T = 50000, τ = 119.

easily visible. When the number of c.o. decreases from 3
to 1, the performance falls only slightly from 7.75 users
served to 7.5. That is a large performance increase over
IDDQN, showing that the performance decreased from about
6.5 users to less than 5 users served as the cached object
number decreases. We also see that just like in Figure 5(b)
the proposed algorithm outperforms the industry standard
Max-SNR algorithm. During the training when exploration
takes place, the proposed algorithm can find solutions that
significantly outperform Max-SNR and have less variance
between the number of users served step-by-step. At the end
of training the proposed algorithm serves as many users as the
Max-SNR algorithm.

C. Power consumption and service delay results

Power consumption efficiency of deep learning algorithms
for different numbers of c.o. is shown in Fig. 9. To generate
these results, the instantaneous power consumption of each
FAP is divided by the number of users served

Pavg =

(
P TRI
j +

∑
k P

XH
j,k

)
xd

. (21)

This normalisation shows how well the solution of each
algorithm chooses the users to meet the power consumption
constraint. As the cache availability increases, the power
consumption performance of both deep learning algorithms
converges. The performance of the IDDQN algorithm is nearly
identical to MADDQN, however referring to Figs. 7(a) and
7(b) it will become obvious that while the power consumption
for IDDQN is identical to MADDQN, it does have additional
power to spend to associate with more users. However, MAD-
DQN performance is significantly better when the number
of c.o. is lower. The performance of IDDQN degrades as
the training continues and when the agent is making most
of the decisions it fails to complete requests for users while
maintaining a good power efficiency. This is consistent with
Figs. 5 and 7, as the reward begins to drastically fall at the
end of training, while the agent is making overestimations
for its decisions. As Max-SNR algorithm is comparable in
performance for selected users, we can see that the small
number of selected users by the algorithm results in a lower
average per-user power consumption compared to both RL
algorithms. This means that the algorithm, even if it chooses
less users, the users selected do not require as much power as
the users selected by RL algorithms.

The delay experience by the users shows more performance
gain when MADDQN is used. When the number of cached
objects is high and low, MADDQN finds users to serve to
minimise the possible delay which increases the resulting
reward. IDDQN fails to find similar user sets. When comparing
the average durations, IDDQN is 2ms behind MADDQN
on convergence and when the number of cached objects is
low, IDDQN performance is drastically decreased. As the
number of cached files increases, the number of good solutions
becomes closely linked to the channel quality experienced by
the UEs. However, the delay will also be reduced as it is
completely dependent on the high-speed wireless transmission
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Fig. 10: Delay performance for 1 and 3 cacheable objects
(c.o.).

links and is not bottlenecked by the x-haul processing. Con-
sequently, it becomes harder to find optimal UE combinations
that would provide the smallest delay. How this principle
affects different algorithms is shown in Fig. 10. The delay
is related to the number of UEs served, as an increase in the
size of the served UE set means that the power (and achieved
rate) is split between the served UEs, consequently increasing
the delay. As shown for greedy algorithms (cache priority and
sum-rate priority in the figure), when the number of UEs in
the system is large, the delay increases. Just as for power
consumption analysis it is preferred that if the number of
served UEs is large, the delay should be large as well, as
it shows how well the algorithms use the allocated thresholds.
The performance of Max-SNR algorithm is opposite of what’s
observed in the power consumption figure. Max-SNR seems
to miss out on users that would benefit from cached objects.
Since APs have only 1 c.o. in that scenario, the Max-SNR
users are less likely to be served by an AP that has their
desired content.

D. Latency threshold impact

This subsection highlights how the system performs under
varying latency constraints using the different methods. Values
for the proposed deep learning method are using the model that
was generated at the last training checkpoint T =200,000. For
the Max-SNR algorithm, the results are the average number
of users served over 20 runs. The results can be used to
evaluate the trade-offs between different algorithms and how
well they can adapt to latency tolerances. It would be expected
that as latency increases, so does the number of users served.
The results show that the proposed algorithm, MADDQN,
outperforms Max-SNR for all latency thresholds, especially
when the latency threshold is larger. Combining the results in
Table II and Fig. 8 mean that using the proposed method,
agents generalise better under various network conditions,
whether it is the latency or number of cached objects.

Latency Threshold δth(s) Max-SNR MADDQN
0.001 5.100 5.346
0.05 5.100 6.519
0.1 5.128 6.096

TABLE II: Comparison of Users Served under Latency
Threshold with Max-SNR, and MADDQN

V. CONCLUSION

In this paper, we have presented the F-RAN system as a
POMDP environment, which has stochastic outcomes based
on agent decisions. It has been shown that low-complexity
mechanisms that would typically be used to save computation
and transmission overheads do not perform well, as they result
in optimising local greedy solutions. To improve the system
performance, we have proposed a novel method called MA-
DDQN to reduce training times, improve learning stability and
improve the reward received on convergence. We showed that
our method performs better than greedy algorithms and the
DDQN algorithm, when deployed in the same environment.
The algorithms were simulated in a network with a small
number of antennas and a comparably large number of UEs,
a varying number of cached objects and by altering the
frequency of target network updates to measure the stability of
our algorithm. The simulation results have validated that the
proposed method performs better than the DDQN algorithm,
improving the reward at the end of training and following
the results of training losses we presented that MADDQN is
significantly more stable during training. MADDQN outper-
forms DDQN in all metrics, i.e. number of users served, power
consumption and user experienced delay.
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