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Cooperative Edge Caching Based on Elastic
Federated and Multi-Agent Deep Reinforcement
Learning in Next-Generation Networks

Qiong Wu, Senior Member, IEEE, Wenhua Wang, Pingyi Fan, Senior Member, IEEE, Qiang Fan,
Huiling Zhu, Senior Member, IEEE and Khaled B. Letaief, Fellow, IEEE

Abstract—Edge caching is a promising solution for next-
generation networks by empowering caching units in small-cell
base stations (SBSs), which allows user equipments (UEs) to fetch
users’ requested contents that have been pre-cached in SBSs. It
is crucial for SBSs to predict accurate popular contents through
learning while protecting users’ personal information. Traditional
federated learning (FL) can protect users’ privacy but the data
discrepancies among UEs can lead to a degradation in model
quality. Therefore, it is necessary to train personalized local
models for each UE to predict popular contents accurately. In
addition, the cached contents can be shared among adjacent SBSs
in next-generation networks, thus caching predicted popular
contents in different SBSs may affect the cost to fetch contents.
Hence, it is critical to determine where the popular contents
are cached cooperatively. To address these issues, we propose a
cooperative edge caching scheme based on elastic federated and
multi-agent deep reinforcement learning (CEFMR) to optimize
the cost in the network. We first propose an elastic FL algorithm
to train the personalized model for each UE, where adversarial
autoencoder (AAE) model is adopted for training to improve the
prediction accuracy, then a popular content prediction algorithm
is proposed to predict the popular contents for each SBS
based on the trained AAE model. Finally, we propose a multi-
agent deep reinforcement learning (MADRL) based algorithm to
decide where the predicted popular contents are collaboratively
cached among SBSs. Our experimental results demonstrate the
superiority of our proposed scheme to existing baseline caching
schemes.

Index Terms—cooperative edge caching, elastic federated
learning, multi-agent deep reinforcement learning, next-
generation networks
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N recent years, with the increasing popularity of smart

devices, we have witnessed an unprecedented growth in
mobile data traffic, which has imposed a heavy burden on
wireless networks [1]-[3]. As users increasingly rely on user
equipment (UEs) like mobile devices and home routers to
access content from wireless networks, it becomes challenging
for ensuring a satisfactory quality of service to meet their
demands [4]-[6]. To address this challenge, edge caching has
emerged as a promising solution for next-generation networks
[7]-19]. Through the implementation of caching units in wire-
less edge nodes, such as small-cell base stations (SBSs), UEs
can fetch users’ desired contents from nearby SBSs instead
of remote servers or cloud. This process significantly reduces
traffic load, alleviates network congestion, reduces latency and
improves system performance [10].

To efficiently enable UEs to fetch users’ desired contents
from SBSs, SBSs need to predict popular contents based on
the interests of users within their coverage area and proactively
cache these popular contents in advance. Due to the unique
preference of each user, the popular contents cached in dif-
ferent SBSs may exhibit surprising variations [11]. Machine
learning (ML) can overcome this issue by training based
on users’ data to extract hidden features, thereby effectively
predicting popular contents [12]. However, most traditional
ML algorithms need to train and analyze the data generated
by users, which may involve personal sensitive information.
Federated Learning (FL) has emerged as a potential solution
that can protect the privacy and security of users’ data [13],
[14]. For the traditional FL, each UE trains its local model
based on its users’ data, and then only uploads the trained
local model to the local SBS instead of its training data.
Then the local SBS aggregates the uploaded models from UEs
to update the global model. However, traditional FL tends
to generalize user preferences, neglecting the personalized
patterns of individual UEs. This general approach may not
cater to the specific needs and behaviors of individual UEs,
leading to potential inefficiencies in someway. To address
this limitation, we introduce the elastic FL algorithm which
adjusts the learning process dynamically based on the unique
characteristics of each UE. By assigning specific weights to
each local model based on differences between the global and
local models, one can capture users’ individual characteristics
[15]. This elastic adjustment ensures that the final model is
both globally informed and locally sensitive. This dual feature
significantly enhances both prediction accuracy and caching
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hit ratios in edge caching scenarios.

After each local SBS has predicted the popular contents,
deploying edge caches poses an additional challenge. In next-
generation networks, the importance of collaborative caching
is further strengthened. Here, cached contents can be shared
among adjacent SBSs via the Xn interface [16]. This allows
UEs to indirectly obtain the requested contents from the
adjacent SBSs even if they cannot directly fetch the requested
contents from the local SBS. The majority of research in
collaborative caching has focused on joint optimization with
metrics like resource allocation and latency reduction, rather
than concentrating on popular contents. Additionally, while
studies employing artificial intelligence technology generally
use popular contents in their caching strategies, they often
overlook the crucial aspect of predicting content popularity for
future proactive caching. Therefore, predicting future popular
contents and utilizing them for collaborative caching can sig-
nificantly enhance caching efficiency. However, the number of
predicted popular contents for each SBS is usually larger than
the limited cache capacity of the SBS. Therefore, this requires
cooperation between SBSs to cache popular contents. Addi-
tionally, the placement of these popular contents in the right
SBSs is also critical, as it directly impacts the cost of fetching
contents across the network. In addition, the dimensions of
caching decision will increase with the number of SBSs and
cached contents, inevitably adding complexity to the caching
problem in the entire network. This makes it challenging
to coordinate caching among SBSs to reduce the cost for
fetching contents in the next-generation network. Multi-agent
reinforcement learning (MADRL) is a suitable method that
can overcome the above problem, and has begun to be used
in cooperative edge caching. Instead of the traditional way
of making separate decisions, MADRL promotes cooperation
among SBSs. Each SBS, which is considered an agent, does
not just decide where to cache popular contents based on its
own prediction. Instead, it should work together with other
SBSs, taking into account their decisions to create a network-
wide caching strategy driven by content popularity. If some
UEs’ demands change, MADRL can adjust the caching deci-
sions. This adaptability is crucial for handling the increased
complexity that comes with the growing caching needs in the
next-generation network.

In this paper, we propose a cooperative edge caching
scheme based on elastic federated learning and multi-agent
deep reinforcement learning (CEFMR) scheme to optimize the
cost of fetching contents in the next-generation network. The
contributions of this paper are summarized as follows'

1) Each SBS employs an adversarial autoencoder (AAE)
model to predict the content popularity within its own
coverage. It helps to learn deep latent representations
from users’ historical requests and contextual informa-
tion, enabling the discovery of implicit relationships
between users and contents, thus improving prediction
accuracy.

'This paper has been submitted to TEEE TNSM. The source code
has been released at: https://github.com/qiongwu86/Edge-Caching-Based-on-
Multi-Agent-Deep-Reinforcement-Learning-and-Federated-Learning

2) We propose an elastic FL algorithm to train the AAE
model for each SBS, which assigns specific weight for
each UE’s model based on the differences between the
global model and local model, thereby it can protect
users’ privacy and obtain the personalized local model
for each UE.

3) We formulate the collaborative edge caching problem
as a caching decision problem based on the MADRL
framework, where states, actions, and reward have been
defined. This formulation aims to optimize the cost for
fetching contents in the network. Afterwards, we pro-
pose the multi-agent deep deterministic policy gradient
(MADDPG) based algorithm to learn the optimal caching
decision.

The remainder of this paper is structured as follows. Section
IT reviews the related works on the research on popularity
prediction and collaborative caching. Section III provides a
concise overview of the system model. Section IV introduces
the proposed cooperative edge caching scheme. We present
some simulation results in Section V, and then conclude them
in Section VI

II. RELATED WORK

We first reviewed the research on popularity prediction and
collaborative caching, and then we reviewed the studies on
collaborative caching based on MADRL and FL.

Currently, there are studies on content popularity prediction.
In [17], Pervej et al. proposed a novel approach to edge
caching in next-generation wireless networks using a long
short-term memory based sequential model to dynamically
predict user preferences for content caching. Additionally, they
formulated a non-convex optimization problem to minimize
content sharing costs and employed a greedy algorithm to find
a sub-optimal solution. In [18], Yao et al. introduced vehicular
content centric network to address mobility challenges in
vehicular ad hoc networks by implementing content centric
networking. They proposed popularity-based content caching,
a cache replacement scheme that predicts content popularity
using hidden Markov Model based on received interests,
request ratio, frequency and content priority. In [19], Tao
et al. proposed a Gaussian process based Poisson regressor
to accurately and efficiently model content request patterns.
Bayesian learning is employed to robustly learn model param-
eters, and to handle the lack of closed-form expression for the
posterior distribution, a Stochastic Variance Reduced Gradient
Hamiltonian Monte Carlo method is applied. In [20], Liu ez
al. presented a content popularity prediction algorithm based
on auto-regressive models for Information-Centric Networking
in the Internet of Things, improving cache hit rates, reducing
network traffic, and minimizing service access delays, par-
ticularly beneficial for real-time streaming media services. In
[21], Feng et al. introduced a content popularity prediction
algorithm, GRU-Attention, tailored for Vehicle Named Data
Networking, which relied on in-network caching to swiftly
serve subsequent content requests. By leveraging the attention
mechanism and GRU model, it accurately forecasted future
popular contents based on multiple historical request patterns,
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enhancing prediction accuracy and optimizing cache utilization
within the network.

There are already studies on collaborative caching. In
[22], Pervej et al. tackled the optimization of collaborative
caching in heterogeneous edge networks by developing an im-
proved Particle Swarm Optimization algorithm, demonstrating
through numerical analysis and simulations that this approach
significantly enhances cache hit ratios compared to traditional
caching strategies. In [23], Saputra et al. employed a coop-
erative mobile edge caching network by jointly optimizing
collaborative caching and routing decisions to reduce content
access delays and backhaul traffic. To address the optimization
challenge, they transformed the problem into a mixed-integer
nonlinear programming problem and utilized a branch-and-
bound algorithm with the interior-point method to find a near-
optimal solution. In [24], Xie et al. proposed a cooperative
caching scheme where user terminals cache popular services
to an intelligent routing relay by using an online reverse
auction combined with a first-come-first-served strategy. In
[25], Li et al. employed a crowdsourced approach for coop-
erative caching in Content-Centric Mobile Networking. They
introduced a robust caching control scheme using Kullback-
Leibler divergence to manage uncertainties in user mobility,
finally formulated as a chance-constrained robust optimization
problem. In [26], Liao et al. employed cooperative caching
strategies using maximum distance separable codes for content
restructuring and optimizes both content placement and coop-
eration policies among base stations. A compound caching
strategy, namely multicast-aware cooperative caching assum-
ing fixed and dynamic cooperative policies, respectively, was
developed to combine the merits of multicast-aware content
delivery and cooperative content sharing. In [27], Fang et
al. investigated the economic interactions between Internet
service providers and content providers in wireless networks,
focusing on optimizing content delivery through edge caches
and content popularity. They proposed a centralized model
to solve the profit split problem and employed a Stackelberg
game for a distributed solution.

Furthermore, there are already studies on collaborative
caching based on MADRL. In [28], Araf er al. employed
a multi-agent actor-critic reinforcement learning approach,
combined with UAV (Unmanned Aerial Vehicle) assistance, to
tackle the problem of optimizing cooperative caching strate-
gies on the network edge. In [29], Chen ef al. proposed a multi-
agent actor-critic framework with variational recurrent neural
networks (VRNN) to estimate content popularity. Through
multi-agent deep reinforcement learning, the cooperative edge
caching algorithm substantially improved the benefits of edge
caches in ultra-dense next-generation networks. In [30], Jiang
et al. employed multi-agent reinforcement learning to design
content caching strategies in mobile device-to-device (D2D)
networks, addressing the challenge of content caching with-
out prior knowledge of popularity distribution. The proposed
approach, using Q-learning, maximized caching rewards by
treating users as agents and caching decisions as actions.
In [31], Wu et al. proposed the integration of cooperative
coded caching using maximum distance separable (MDS)
codes in small cell networks to alleviate traffic loads. To

adapt to dynamic and unknown content popularity, a multi-
agent deep reinforcement learning framework was introduced
to intelligently update cached content, with a focus on mini-
mizing long-term expected front-haul traffic loads, resulting in
improved caching efficiency. In [32], Zhong et al. investigated
cache placement by using the collaborative MADRL algorithm
in ultra-dense small cell networks (SCNs) to maximize cache
hit rates in centralized and decentralized scenario settings. In
[33], Jiang et al. explored edge caching for the internet of
vehicles (IoVs) using distributed MARL. They introduced a
hierarchical caching architecture to minimize content delivery
overhead, extended single-agent reinforcement learning to a
multi-agent system, and achieved superior performance in
comparison to other caching strategies through simulation
results. In [37], Song et al. addressed the content caching and
sharing problem in cooperative base stations while considering
unknown content popularity distribution and content retrieval
costs. This paper formulated the problem as a multi-armed
bandit (MAB) learning problem, jointly optimizing caching
and sharing strategies. Two algorithms, a centralized approach
using semidefinite relaxation and a decentralized approach
based on the alternating direction method of multipliers
(ADMM), were proposed to solve the problem efficiently.
In [38], Cai et al. proposed a cross-tier cooperative caching
architecture for all content that allows distributed cache nodes
to cooperate, using a MADRL approach to model the decision
process between heterogeneous cache nodes. In [39], Wang et
al. introduced an intelligent edge caching framework named
MacoCache, which incorporated MADRL to enhance edge
caching performance in distributed environments. By employ-
ing the advanced actor-critic method and integrating long
short-term memory (LSTM) for time series dynamics, Ma-
coCache successfully reduced latency by an average of 21%
and costs by 26% compared to existing learning-based caching
solutions. In [40], Chen et al. utilized a refined MADRL
tailored for the 5G network structure to improve scalable video
coding (SVC)-based caching and video quality service strate-
gies. The introduced value-decomposed dimensional network
(VDDN) algorithm and a dimension decomposition method in
the dueling deep Q-network addressed the challenges of large
action spaces and computational efficiency. In [41], Zhang et
al. introduced an edge caching model for IoV content distri-
bution, allowing vehicles to collaboratively cache content and
account for varying content popularity and channel conditions.
An autonomous decision-making approach, an edge caching
approach for the IoV based on multi-agent deep reinforce-
ment learning, was proposed where vehicles act as agents to
optimize caching decisions. However, most previous studies
have primarily used MADRL to tackle issues in collaborative
content caching. It is important to point out that these studies
often did not address the more complex challenges associated
with predicting what contents will be popular in the future.
Specifically, they did not focus on the intricacies of using
machine learning to accurately forecast content popularity,
which is crucial for effective content management.

Recently, there have been several works on designing con-
tent caching schemes based on MADRL and FL. In [42],
Chang ef al. introduced a federated multi-agent reinforcement
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Learning (FMRL) method for optimizing edge caching. Using
a Markov decision process (MDP) and a specialized regres-
sion model, it predicted content popularity, improved server
rewards, and optimized cache decision-making. An enhanced
FL technique aggregated local models, improving training and
preserving user privacy. In [43], Prathiba er al. introduced
the federated Learning and edge cache-assisted Cybertwin
framework in response to rising autonomous vehicle (AV)
technology and mobile traffic. This framework integrated the
cybertwin concept to merge physical and digital systems.
It employed the federated MADRL algorithm for optimized
learning, considering various factors. Additionally, the fed-
erated reinforcement learning-based edge caching algorithm
was used for efficient caching in 6G vehicle-to-everything
networks. In [44], Sun et al. employed FL to perceive user
preferences across various districts without exposing user
requests. A content blocks-based RL is utilized for intelligent
caching, taking into account the receiving scenarios of AVs.
By integrating FL with MARL, this paper achieved distributed
training of local models, which not only reduced the state-
action space dimension but also circumvented local optimal
solutions. However, the previous studies did not take into
account the personalization needs of individual UE in FL train-
ing. Additionally, they overlooked the fact that different SBSs
may have various popular contents, which can significantly
impact caching strategies.

In conclusion, previous research has not adequately ad-
dressed two key aspects in designing content caching schemes.
Firstly, FL. approaches have not considered the personalized
and elastic requirements of each UE, which is essential for op-
timizing user-specific performance. Secondly, MADRL meth-
ods have largely ignored the importance of predicting popular
contents before making collaborative caching decisions. These
gaps in the literature have motivated our research, as we aim to
develop personalized models for UEs while also focusing on
proactive collaborative caching strategies based on predicted
content popularity.

III. SYSTEM MODEL

As illustrated in Fig. 1, we consider a cooperative edge
caching system in the next-generation network consisting
of a content server (CS), a set of SBSs denoted as B =
{1,...,b,...,B}, where B is the number of SBSs, and
a certain number of UEs. Each UE fetches the requested
contents from SBSs or CS for multiple users, and stores
a large amount of users’ data, i.e., local data. Each data
is a representation in vector form that encompasses various
aspects of users’ information such as the users’ identification
number (ID), gender, age, the contents that users may request,
and users’ ratings for the contents that they have previously
requested. The rating is between 0 and 1 which can measure a
user’s interest in previously requested content, and this rating
method is common in many research and application scenarios
[47], [50]. O represents that the user is not interested in this
requested content or the user has not requested this content
before, while 1 represents that the user is most interested in
this requested content. Each UE randomly selects a portion
of local data to establish a training set, and the remaining
data is utilized as a test set. The CS is linked to the core
network by a backhaul link, and it stores all contents that
users can request. Each SBS is connected to the CS through a
backhaul link connected by the next-generation (NG) interface.
SBSs are deployed at the network edge close to the UEs.
The time duration is divided into time slots. In each time
slot, each UE collects contents that users want to request and
generates a requested information. This requested information
may be a small-sized list containing the contents labels which
users desire. Therefore, the requested information will not
occupy too much resources. Then UEs send these requested
information to their local SBSs to fetch the requested contents.
The cache capacity of a single SBS is actually very limited,
the adjacent SBSs can share cached contents with each other
through a wired-link connected by the Xn interface. Hence, a
UE can fetch a requested content from the local SBS, adjacent
SBSs or CS. Specifically,

1) Local SBS: 1If the requested content is cached in the local
SBS, the UE can fetch the requested content directly from the
local SBS.
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TABLE I: Main notations.

Notation | Description Notation | Description
al the global action at time slot . al the action of SBS b at time slot ¢.
B the number of SBSs. bg the bias vector of the decoder network.
be the bias vector of the encoder network. C the cache capacity of each SBS.
cf) the current contents cached by SBS b at time slot ¢. d z)hfessfl;; of entire data of all UEs within the coverage
d) the n_on_—lmear and logically-activated function of the d; the size of the training data of each UE.
discriminator network.
D the replay buffer. D(z) the confidence of z.
e the number of iteration of the local AAE training for B the number of episodes in the testing phase of
UE. MADRL algorithm.
F, the number of predicted popular contents. J(mt) ;he expected long-term discounted reward at time slot
|L] the number of layers of the AAE model. M the number of transition tuples in a mini-batch.
r local training data set of UE 4 in the iteration £ of the non-linear and logically-activated function of the
n; . p(")
; round k. decoder network.
P(2) the predefined distribution. Db the predicted popular contents of SBS b coverage.
aC) the non-linear and logically-activated function of the Rt the global reward at the time slot £.
encoder network.
Rt the local reward of SBS b at time slot . Rivas the n_umber of rounds to train the AAE model in the
b elastic FL.
r(t) the number of contents that SBS b fetches from the () the number of contents that SBS b fetches from CS
T local cache at time slot ¢. Tb,c at time slot ¢.
r ) . . . r the number of contents that SBS b fetches from
rp (1) the contents replaced in SBS b during time slot ¢. Tb,n(t) adjacent SBSs at time slot £.
sé the local state of SBS b at time slot £. st the global state at time slot ¢.
T the number of time slots of the MADRL algorithm. X the rating matrix of UE 4 in round 7.
X/ the reconstructed rating matrix of UE ¢ in round 7. « the cost of fetching the contents from local SBS b.
o the elastic parameter of UE i the cost that the UE within the coverage of local SBS
¢ p ) b fetch the contents from adjacent SBSs.
X the cost of fetching the contents from CS. 0 the cost of replacing a content.
¥ the discount factor. n the fixed learning rate.
0, the parameters of the actor network of agent b. {, Zhe parameters of the target critic network of agent
© the parameters of the global critic network. 4 the parameters of the target global critic network.
T the constant is used to update the target networks. w” the global AAE model in round 7.
wy the global encoder network in round 7. wj the global decoder network in round 7.
wh, the global discriminator network in round 7. wy the local model of UE % in round 7.

2) Adjacent SBS: If the requested content is not cached in
the local SBS but an adjacent SBS caches the request content,
the local SBS can fetch the requested content from the adjacent
SBS and then deliver it to the UE. If multiple adjacent SBSs
have all cached the requested content, the local SBS randomly
selects one of the adjacent SBSs to fetch the requested content.

3) CS: If both the local SBS and adjacent SBSs do not
cache the requested content, the local SBS fetches the re-
quested content from the CS and then delivers it to the UE.

In order to enable UEs within the coverage of each SBS to
fetch requested contents more effectively, each SBS needs to
accurately predict the popular contents. These popular contents
are predicted based on users’ ratings for the contents. However,
it is difficult to distinguish whether the user is interested
in this content or has requested it before if a rating for
one content is 0. Therefore, it is necessary to predict and
reconstruct the ratings of each content. The AAE model can
effectively extract hidden features of ratings and reconstruct
the ratings for each content. Hence the reconstructed ratings
will contain fewer 0. This helps to predict the popular contents
more accurately. Thus the AAE model is adopted as the local
model and global model in the FL algorithm and the popular
contents for each SBS are predicted based on the trained
AAE model. The proposed CEFMR scheme is described as
follows. We first propose an elastic FL. algorithm which can

assign specific weight for each local model based on the
differences between the global model and local model to train
the personalized local model for each UE. Then we propose a
popular content prediction algorithm to predict the popular
contents for each SBS based on the trained AAE model.
Finally, due to the limited cache capacity of each SBS, we
construct a MADRL framework and then adopt the MADDPG
algorithm to decide where the predicted popular contents are
collaboratively cached among SBSs to reduce the cost for
fetching contents. We will elaborate the CEFMR scheme in
the next section. The main notations are listed in Table 1.

IV. COOPERATIVE EDGE CACHING SCHEME

In this section, we will introduce the CEFMR cooperative
edge caching scheme. We first propose an elastic FL algorithm
to train the personalized AAE model for each UE, then a
popular content prediction algorithm is proposed to predict
the popular contents for each SBS based on the trained AAE
model. Finally, we construct a MADRL framework and then
adopt the MADDPG algorithm to decide where the predicted
popular contents are collaboratively cached among SBSs.

A. Elastic FL Algorithm

As illustrated in Fig. 2, elastic FL algorithm is executed
through R, ., rounds iteratively [48], [49]. Within each round,
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the elastic FL algorithm consists of the following four steps.

1) Download Model: Each local SBS first generates the
global AAE model in this step. Let w” be the parameters
of the global AAE model in round r. The global AAE
model consists of the AEN and GAN. Fig. 3 illustrates the
framework of the AAE model. The upper layer of the AAE is
an AEN which includes an encoder network and a decoder
network. The bottom layer is a GAN which consists of a
generator network and a discriminator network, where the
encoder network of the AEN acts as the generator network.
Let w}, w}; and w}, be the parameters of the encoder network,
decoder network and discriminator network in the round 7,
respectively, thus w” = {w],w},w?, }. For the first round, the
local SBS initializes its own global AAE model w® and for
the subsequent round 7 the local SBS updates the global AAE
model w™ at the end of round r — 1.

2) Local Training: Next each UE 1 in the coverage of local
SBS downloads the global AAE model w” and updates the
model based on its local data. If the UE directly uses the
global model w” as the initial model for updating its own
local model, it would result in the waste of the local model
trained in the last round and the loss of individual UE features.
Hence, we propose the elastic FL algorithm which takes into
account both the local model and global model. Specifically,
similar to [15], we first define the following weight distance
formula to focus on the correlation between the local model
of UE ¢ trained in round r — 1, i.e., w{fl, and W', i.e.,

el
[lwr ]|

T
W
dis (w:_l,wr) = H C (D
As the AAE model consists of multiple layers of neural
network, we introduce o as an elastic parameter, which

denotes the gap between w:_l and w” of all layers in round

r. Thus o] is calculated as follows
. di ( i), 2
o = E L|m, Z is )
where w; l is the I-th layer of w; ! and wj is the [-th layer

of . L represents all the layers of the AAE model and ||
denotes the number of layers. n; is the number of the UE in
the SBS b. Then the initial local model of UE i in round r is
calculated as

wi  ajw” + (1 —af)w ™!, 3)

where o] dynamically adjusts the influence of the global
model on the local model, allowing the local model to have
personalized features.

Then each UE updates w] iteratively through local training
based on its local training data. During each iteration k, UE
1 conducts a random sampling process to select training data
n; .. from the overall training set. Subsequently, the training
data n!, is utilized to train the local AAE model of UE i.
The training process consists of the reconstruction stage and
the adversarial regularization stage. The AAE model is trained
alternatively between these two stages.

The reconstruction stage which mainly focuses on training
the AEN is first executed. Specifically, the encoder network

first takes each original training data z from n}, and trans-
forms = by mapping x to the network. This process yields
the hidden feature representation of x, denoted as z(x). The
=q (W2'7;e,kx + b;'n,e.,k) ’
here W/, , and b}, are the weight matrix and bias vector
of the encoder network of UE i in iteration % of round T,
respectively. To make the paper clearer, we simplify W/, ,
and b; ;. to W i, and be j, respectively. We also apply similar
simplifications to symbols that will appear later.

Then the decoder network calculates the reconstructed input
Z, ie., & = p(Warz + bgr), where Wy and by are the
weight matrix and bias vector of the decoder network in itera-
tion k, respectively. p(-) and ¢(-) are non-linear and logically-
activated functions. Afterwards, the local loss function of each
data x for the encoder network and the decoder network is
calculated as

transformation is expressed as z(z)

Uwe i, w5 7) = (z — 7)?, €]

where w, j, represents the parameters of the encoder network
in iteration k, which includes W, and b., ie.,
{We k,ber}. war represents the parameters of the decoder
network in iteration k, which includes Wy and bgp, ie.,
wa,k = {Wak,bar} Then the loss function of all the data in
n; j, for the encoder network and decoder network is calculated
as

We, k =

f(we k7wdk

Z lwek,wdk, ), (5)

xEn &

where d; is the size of n; w Let Vf (we k, wa i) be the gradient
of f(we k,wq,r). Then the parameters of the encoder network
and decoder network in the reconstruction stage are updated
respectively as

We ke — We o — NV f (We i, Wa k) (6)
Wa, k41— Wa ke — NV fr (We i, Wa k) 5 (7

where 7 is the local learning rate. The reconstruction stage
is finished for iteration k. It’s important to note that the
encoder network will be updated again in the subsequent
adversarial regularization stage. Therefore, in Eq. (6) we still
adopt the notation w, j to represent the updated parameters of
the encoder network after the reconstruction stage.

Afterwards, the adversarial regularization stage is executed,
where the generator network and discriminator network will
be alternately optimized. Specifically, the training of the dis-
criminator network is first performed. The encoder network
first maps « to obtain a vector, i.e., 2’ (z) = ¢ (We k2 + be k).
It is important to note that W, ; and b, ; have been updated
in the previous reconstruction stage. Then z’(x) will be input
into the discriminator network to get its confidence D(z'(x)),
ie, D(2'(x)) = d(Wy gx + ba 1), where Wy ;, and bgr i
are the weight matrix and bias vector of the discriminator
network in iteration k, respectively. d(-) is also the non-linear
and logically-activated function. At the same time, a vector Z is
sampled from a simple predefined distribution P(z). Similarly,
z is also input to the discriminator network to obtain its
confidence D(Z). The objective of the discriminator network
is to maximize its ability to correctly distinguish 2’(z) and
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Z. Therefore, the loss function of data = for the discriminator
network can be calculated as,

L(war s x) = —EllogD(2)] - Ellog(1 — D(2'(x)))], (8)

where wg j; represents the parameters of the discriminator
network in iteration k, which includes Wy ;. and by , ie.,
war g = {Wa' 1, ba 1 }. Thus the loss function of all the data
in n: & for discriminator network is calculated as

1
Flwa ) = - > L{wa ko). ©)

s
aceniyk

Let VF (wq i) be the gradient of F'(wg ). Then the param-
eters of the discriminator network are updated as

War kg1 — War g — NV Eg g (War k) - (10)

Then the parameters of encoder network is updated. The

loss function of data x for the encoder network is defined as

L(we k; x) = —Ellog(D(2'(x)))], (11)

The loss function of all the data for the encoder network is
calculated as

F(we k) :% Z L(we ;).

T r
xeniyk

(12)

Let VF (we ) be the gradient of F'(w. ). Then the parameters
of the encoder network are updated as

We k1  We s — NV F (we ;) - (13)

Iteration k is finished and UE ¢ randomly samples some
training data again to start the next iteration. When the number
of iterations reaches the threshold e, UE ¢ completes the local
training.
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Algorithm 1: The Elastic FL Algorithm

1 Initialize w";
2 for round r from 1 to Ry,q, do
for UE ¢ = 1,2, ... in parallel do
Download global AAE model w’;
w! + Local Updates(w”,7);
Upload the local AAE model w] to SBS;

7 | Calculate w™*! according to Eq. (15);
8 return w, .

9 Local Update(w, 7):

10 Input: w"

11 Calculate the a; according to Eq. (2);

12 Update the local AAE model w; according to Eq. (3);
13 for each iteration k from 1 to e do

S i AW

14 Randomly samples data n; , from the training set;
15 for data v € n},; do
16 Calculate the loss function of data = for the

encoder network and the decoder network
according to Eq. (4);
17 Calculated the local loss function of all the data
for the encoder network and the decoder network
in iteration k£ according to Eq. (5);
18 Update the encoder network and the decoder
network according to Eq. (6) and Eq. (7);
19 for data x € nj; do
20 Calculate the loss function of data x for the

L discriminator network according to Eq. (8);

21 Calculated the local loss function of all the data
for the discriminator network in iteration k
according to Eq. (9);

22 Update the discriminator network according to Eq.

(10);
23 for data x € nj, do
24 L Calculate the loss function of data x for the
encoder network according to Eq. (11);
25 Calculated the local loss function of all the data
for the encoder network in iteration k according
to Eq. (12);

26 Update the encoder network according to Eq. (13);

27 return w;.

3) Upload model: Once each UE ¢ completes the local
training, then it uploads the updated local model w] to the
local SBS, where w; consists of w; ., w;; and w; 4, ie.,

i,e°
T
w, =

’ {w;e,w;d,w;d,}, here W, w!, and W, be the
parameters of the encoder network, decoder network and

discriminator network of UE ¢ in the round r, respectively.

4) Weight aggregation: After all UEs within the coverage
of the SBS upload their AAE models, the SBS generates a
new global AAE model w™*! by calculating a weighted sum
of all received local AAE models,

d.
T+1: ro_ o 14
ST =Ty Gl (14)

where d is the size of the total data for all UEs within the
SBS coverage. So far, the elastic FL training for round r has
been completed and the SBS has obtained an updated global
AAE model w™!, which is used for the training in the next
round. When the number of rounds reaches R,,.;, the elastic
FL training is finished and each SBS obtains the trained AAE
model. For ease of understanding, Algorithm 1 illustrates the
process of the elastic FL. algorithm. Then each SBS sends
the trained AAE model to all UEs in its coverage for content
popularity prediction.

B. Popular Content Prediction

Next we propose a popular content prediction algorithm to
predict the popular contents for each SBS based on the trained
AAE model.

1) Data Preprocessing: UE ¢ abstracts a rating matrix X
from the data in the test set. The matrix’s first dimension
represents users’ IDs, while the second dimension is users’
ratings for all contents. Subsequently, each rating matrix X
is fed into the updated AAE model, resulting in a reconstructed
rating matrix X{ . This reconstructed matrix is capable of
extracting the hidden characteristics of the data and can be
employed to approximate X . Then, each UE also abstracts a
matrix of personal information from the test set. This matrix
has the first dimension representing user IDs, and the second
dimension corresponding to the personal information of the
users.

2) Cosine Similarity: Each UE ¢ calculates the count of
non-zero ratings for each user ¢ in the matrix X and
designates the users with the top 1/m numbers_as active
users. Following this, each UE merges the matrix X and the
personal information matrix (the resultant matrix is denoted
as H]) to determine the similarity between each active user
and the rest of the users. The similarity between an active user
u and another user v of UE ¢ is calculated according to the
cosine similarity [51]

Simz’,iv = cos (H; (u,:), H] (v,:))
_ Hj (u,:) - Hj (v, :)T )
H (u, )l < [ H (0,2l

where H (u,:) and H](v,:) represent the vectors corre-
sponding to active user u and user v in the merged matrix,
respectively. The terms | H] (u,:)|, and ||H] (v,:)|, stand
for the 2-norm (Euclidean length) of the vectors H (u,:) and
HT (b,:), respectively. For each active user u, UE i selects
the users with the K highest similarities as the K nearest
neighbors of user u. The ratings of these K nearest users can
be interpreted as indicative of the preferences of user u.

3) Interested Contents: After determining the nearest users
of active users in the matrix X, the vectors of nearest users
for each active user are extracted to create a matrix Hy . In
this matrix, the first dimension corresponds to the IDs of the
nearest users for active users, while the second dimension
signifies the ratings for content from these nearest users. In
the matrix Hg, any content with a non-zero rating from a
user is considered as the interested content of that user. The
number of such interested contents is then counted for each

15)

Authorized licensed use limited to: UNIVERSITY OF KENT. Downloaded on June 10,2024 at 08:59:32 UTC from IEEE Xplore. Restrictions apply.

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Network and Service Management. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TNSM.2024.3403842

user, and this count for a specific content is referred to as
the popularity of the content. Each UE i selects the contents
with the top £}, content popularities as the predicted interested
contents and uploads these to the local SBS.

4) Popular Contents: After all UEs within the coverage
range of the local SBS b upload their predicted interesting
contents, SBS b collects and compares them, and selects F},
most interesting contents as the predicted popular contents py
and then adopts MADDPG to cache C' contents from p.

C. Cooperative Edge Caching Scheme Based on MADRL

Since each SBS has limited caching capacity, it is crucial for
SBSs to collaborate in caching the predicted popular contents
in order to reduce the cost for fetching contents. Therefore,
we proposed the MADDPG algorithm for cooperative edge
caching among SBSs, deciding SBS to cache suitable predicted
popular contents, thus the cost can be optimized. Next, the
MADRL framework is first formulated, which is the basis of
the MADDPG algorithm. Then, the MADDPG algorithm will
be introduced.

1) MADRL Framework: The MADRL framework includes
agents, states, actions, rewards and policies [34]-[36]. In our
cooperative edge caching, each SBS b can be viewed as an
agent and makes its action based on the its local state. Then
we will define states, actions, rewards and policies at time slot
t as follows.

a) States: At time slot t, the local state of SBS b is
defined as

sy ={c,ph}, (16)

where pf represents the predicted popular contents within the
coverage area of SBS b, ¢} represents the current contents
cached by SBS b. It should be noted that the size of p! is F),
while the size of ¢} is C, and C' < F,. The global state is
defined as

st

b) Actions: Once SBS b predicts new popular contents
p} at time slot ¢, it needs to select an appropriate contents from
p} to replace part of the contents in c}. Therefore, at time slot
t, the action of SBS b is defined as

st={sl,... s}, (17)

t t t t
ab:{ab,l,...’ab7f,...,ab7Fp}, (18)

where each az, s 1s a binary variable indicating if the f-th
content in py is stored or not. 0 stands for that the f-th popular
content is not stored in SBS b, while 1 indicates that it will be
cached. Let r} , be the number of 1 in af, thus the number
of 0is I, — rée. The global action is defined as

at = {at,...

¢) Reward function: Compared to UEs fetching contents
from CS, it can significantly reduce costs by using the coop-
erative edge caching system. Thus we define the reward as the
saved cost. Next, we will first introduce the cost which UEs
fetch contents from the cooperative edge caching system, then
introduce the cost which UEs fetch all contents only from CS,
and the difference between these two costs is the saved cost,
which is our defined reward.

,aé,...,atB}. 19)

In the cooperative edge caching system, a UE can fetch
requested contents directly from the local SBS, CS or adjacent
SBSs. The three optional methods of obtaining the requested
contents usually correspond to different costs.

The UE can fetch the requested contents from the local SBS
b. Let o denote the cost of fetching the contents from local
SBS b. Assume that UEs fetch r/ contents from local SBS b
at the time slot ¢, thus the cost is ary.

The UE can indirectly fetch the requested contents from
adjacent SBSs. Let S denote the cost that the UEs within the
coverage of local SBS b fetch the contents from adjacent SBSs.
Since the delivery of contents between SBSs will consume
backhaul resources, the cost of fetching contents from adjacent
SBSs is higher than that of fetching the contents from local
SBS b, i.e., B > «. Assume that the UEs in the coverage of
local SBS b fetch ri,n contents from adjacent SBSs. In this
case, the cost is fr} ,,.

The UE can fetch the requested content from CS. Let y
denote the cost of fetching the contents from CS. The cost of
fetching contents from CS is much higher than that of fetching
contents from SBSs owing to the resource consumption of
backhaul and core network, i.e., x > 8 and x > «. Assuming
that the UEs in the coverage of local SBS b fetch r} . contents
from CS at time slot ¢. In this case, the cost is x77} ..

In addition, the contents replaced by SBS b are all from
CS, it will result in the additional costs as it requires the
consumption of backhaul resources between SBS b and CS.
Denote § as the cost of replacing a content. The cost of
replacing caching contents is 67"2’6. Thus, the total cost of
SBS b is arf + Bri’n + Xri’c + 57’15@-

Noted that the constants «, /3, x and § can be represented
with actual physical significance, that is, these values can be
explained as a general expression of the benefits from content
caching, such as energy saving, expense reduction and so on
[29], [37], [46].

Edge caching in the cooperative edge caching system can
significantly reduce costs. Without edge caching, all UEs
would have to fetch contents from CS, which leads to a great
cost, i.e., X (rﬁ + 7, r};c), thus the reward of SBS b at
time slot ¢ can be defined as the saved cost, i.e.,

Ry =x (1} + 10 +7he)

= (arh + Brin + x50+ 07,

=(x —a)ry + (x = B)ry, — 07 e
Note that the higher the cost savings, i.e., the larger R,
will cause more effective edge caching. We use Ry =

[RY,... R, ..., Rb] to denote all SBSs’ reward. The global
reward at time slot ¢ is calculated as

R-Lly R
i
b=1

(20)

2n

Letwt = {x!,...,7},..., 7} denotes the caching policies
at time slot t. w* will map state s* to action al, i.e., at =

7(s?). The expected long-term discounted reward of MADRL

Authorized licensed use limited to: UNIVERSITY OF KENT. Downloaded on June 10,2024 at 08:59:32 UTC from IEEE Xplore. Restrictions apply.

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Network and Service Management. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TNSM.2024.3403842

is calculated as

J(m') =E . (22)

i ,tht
t=0

where v € (0, 1) is the discount factor. Our cooperative edge
caching problem can be formulated as a multi-agent decision
problem to maximize the expected long-term discounted re-
ward to get the optimal policies 7*, which is calculated as

(23)

7% = arg min J (7).

2) MADDPG algorithm: The MADDPG algorithm is pro-
posed for the cooperative edge caching. Next we first introduce
the training stage of MADDPG algorithm to obtain the optimal
policies, then describe the testing stage to test performance
based on the optimal policies.

The MADDPG algorithm is based on the multi-agent actor-
critic framework [52]. Each agent b has a local actor network,
a local critic network, a local target actor network and a
local target critic network. The local actor network of agent b
outputs the policy based on the local state, then the action can
be obtained according to the policy. The local critic network
of agent b is used to evaluate the action according to the local
reward. Two local target networks can ensure the stability of
the algorithm, whose network structure is same as that of local
actor network and local critic network, respectively. All agents
share two centralized global critic networks and two global
target critic networks, all of them are located at CS. Two
global critic networks provide a global perspective based on
the global states and actions of all agents, enabling each agent
to understand and adapt to the global environment. Two global
target critic networks which have the same network structure
as the global critic networks, respectively, are also used to
ensure the stability.

Let 0, and ¢, are the parameters of the local actor network
and local critic network of agent b, respectively, while 8} and
¢, are the parameters of the local target actor network and
local target critic network of agent b, respectively. Let 1, ©o,
¢} and ¢, be the parameters of two global critic networks and
two global target critic networks, respectively. The detailed
training stage for MADDPG algorithm is further introduced,
and Algorithm 2 describes the specific process of MADDPG
training stage.

a) Training Stage: Firstly, each agent b randomly ini-
tializes its local actor network parameters 6, and local critic
network parameters ¢p. CS also initializes the two global critic
network parameters ¢; and 9. The local target actor network
parameters ; and local target critic network parameters ¢ of
each agent b are initialized as 6, and ¢, while two target
global critic network parameters ¢} and ¢/ are initialized
as ¢1 and . The replay buffer D which is located at
CS is equipped with substantial storage capacity to store
transition tuples in each time slot ¢, i.e., s, a®, R, R: and
st Replay buffer D can facilitate the efficient sharing of
experience across the agents.

Next, the algorithm executes for R,,,, episodes. In the
first episode, each SBS b obtains F,, popular contents p}
from predicted interested contents uploaded by UEs within its

10

Algorithm 2: Training Stage for the MADDPG Frame-
work
Input: v, 7, 0, ¢p, P1, P2
1 Randomly initialize the 6y, ¢p, p1, ©2;
2 Initialize target networks by 8 < 65, ¢, < ¢,
P14 P1. P < P23
3 Initialize replay buffer D;
4 for episode from 1 to R,,q, do

5 for agent b from 1 to B do
6 Predict the popular contents py;
7 L Receive initial observation state sé;
8 51:[3%,...,5}7,...,5}9];
9 for time slot t from 1 to T do
10 for agent b from 1 to B do
1 Observe s} and select action
L a =7 (s} | 64):
12 st=1st, ... sh ..., sk,
at =lat,....ah, ... a5l
13 Receive global and local rewards, R! and R! ;
14 Store transition (s?,a?, R, R}, s'™1) in ()();
15 if number of transition tuples in D is larger
than M then
16 Randomly sample a mini-batch of M,
(s',a*, R, R, s'), from D;
17 Set yi = R' + ymin,—1,, Q (s",a"* | ¢},):
18 Update global critics by minimizing the
loss based on Eq. (25);
19 Update target parameters based on Eq. (29);
20 for agent b from I to B do
21 Set yi = R +7Q (s}, al | 4}):
22 Update local critic network by
minimizing the loss based on Eq. (27);
23 Update the local actor network based
on Eq. (28);
24 Update target local networks according
to Egs. (30) and (31).

own coverage, and randomly selects C' contents for caching.
Thus each SBS b can obtain the initial caching contents
ci. Based on ¢} and pj, each SBS b can obtain its initial
local state s} according to Eq. (16), and the initial global
state can also be further obtained according to Eq. (17), i.e.,
sl = [s},...7sg,...,s}3].

Then algorithm is iteratively executed from slot 1 to slot 7.
In the first slot, each SBS b inputs its local state sé to its local
actor network and gets its policy 7, then the local action a}
can be obtained based on /. Thus the global action can be ob-
tained according to Eq. (19), i.e., a* = [a],...,a},...,a}].
After each SBS b takes the local action al%, it can get its local
reward R} according to Eq. (20). Thus all agents’ rewards can
be obtained, ie., R}, = [Ri,...,R},...,R|. The global
reward R' can also be obtained according to Eq. (21). In
addition, each SBS b enters the next local state s; after taking
the local action, and the next global state s2 can be further
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Fig. 4: MADDPG algorithm flow chart of the training stage

obtained, i.e., s* = [s1,...,57,...,5%].

Then the transition tuple (s, a’, R', R}, s?) is stored in
the replay buffer D. When the number of transition tuples
stored in the replay buffer D is less than M, the algorithm
starts the next slot.

When the number of stored transition tuples is greater than
M in time slot ¢, CS first randomly samples M transition
tuples from the replay buffer D to form a mini-batch. For the
sake of simplicity, let (s;,a;, R;, Rr3,5;) (i =1,2,..., M)
represents the ¢-th transition tuple in the mini-batch. For the
transition tuple 4, SBS b first inputs its local state s;, ; into the
local target local actor network and gets its policy 7 ;, then
the local action ag’ , can be obtained based on 7Tl,)’ ;- All agents’

actions @i = [aq ;, ...,y ;- 7“3’3,1} can be obtained. Then
CS inputs @} and s} into two target global critic networks,
and outputs two target action-state values @ (s}, a} | ¢7) and
Q (s}, al | ¢h), respectively. This process is shown as step 1

in Fig. 4. The target global value can be calculated as

Yg.i = Ri+v min Q (s}, a; | ¢,). (24)

Next CS inputs a; and s; into two global critic net-
works, and outputs two action-state values Q (s;, a; | ¢1) and
Q (84, a; | p2), respectively. This process is shown as step 2
in Fig. 4. The loss function of each global critic network is
calculated as

1 M
L (‘Px) = M Z [:’/g,i - Q (Si7ai | 41032)]2 , T = 17 2a (25)
=1

The above equation is shown as step 3 in Fig. 4. The
gradient of the each global critic network can be calculated
as VL (p,),x =1,2.

Then each SBS b trains its own local critic and local actor
networks. Each SBS b first inputs its local state sfm- into its
local target actor network and obtains the local action ay, ;.
This process is shown as step 4 in Fig. 4. Next each SBS
b inputs s;, ; and a;,; into its local target critic network, and

gets the local target action-state value @ (sﬁm ap i | ¢g> This
process is shown as step 5 in Fig. 4. Thus the target value of
the local critic network can be calculated as

Yo = Ry +vQ (sz,w ap | o) -

Then each SBS b inputs s;; and ay; into its local critic net-
work, and gets the local action-state value @ (sp i, ap; | dp).
This process is shown as step 6 in Fig. 4. The local critic loss
function of SBS b can be calculated as

M

L0 =223 s — Qsans | 60)F.

i=1

(26)

27)

The above equation is shown as step 7 in Fig. 4. Then the
gradient of the local critic network is calculated as VL (¢y).
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Then each SBS b inputs s ; into its local actor network and
gets its policy 7 ;, then the local action a;; can be obtained
based on 7 ;. Next each SBS b inputs sp; and ap; into its
local target critic network, and gets the local target action-state
value @ (spi,Gp,i | ¢p). These processes is shown as steps 8
and 9 in Fig. 4. The gradient of the local actor network of
SBS b is calculated as
1M
Vg, = i Z (Vo,m,iVa,,Q (si,ai | ¢1)
i=1
+V0,m6,iVay . Q (Sv,is Gni | )] -

The above equation is shown as step 10 in Fig. 4. The first
term in Eq. (28) is associated with the global critic network,
similar with [52], we only use one action-state value from one
of the global critic networks, i.e., @ (8;, a; | ¢1). The second
term corresponds to each agent’s local critic network.

After that ¢1, 2, ¢p and 60, are updated through gradient
ascending based on VL (¢1), VL (p2), VL (¢p) and V.Jy,.

Then the parameters of the two target global critic networks,
local actor network and the critic network are updated as

(28)

©Op =Tpe + (1 —7)¢h,x =1,2, (29)
p =70+ (1 —7)6;, (30)
Gy =7 + (1 — 7)oy, (31)

where 7 < 1 is a constant value. The update in this time slot
is finished, and the above procedure is repeated for the next
time slot. When the number of time slot reaches T, the current
episode ends up. Then each SBS initialize its cached contents
to start the next episode. When the number of episodes reaches
N, the algorithm will terminate and we will get the optimal
parameters ¢; of the local actor network of each SBS b. The
flow chart of the MADDPG training stage is shown in Fig. 4.
b) Testing Stage: The testing stage omits the critic
network, target actor network, target critic network of each
SBS b, two global critic networks and two target global critic
networks, as compared to the training stage. During the testing
stage, the local state sf) of each SBS b in each time slot ¢ is
input into its local actor network with optimized parameters
y, and the optimal action which denotes the best caching
placement can be obtained. The pseudo-code of the testing
stage is shown in Algorithm 3.

D. Computational Complexity Analysis

In this section, we will analyze the computational complex-
ity of our approach. The analysis focuses on the training stage
due to the significant computation resource and time consump-
tion in the training stage. Our methodology for analyzing the
computational complexity is inspired by [53]. During a round,
the training process includes two processes: the elastic FL
training of AAE and the training of MADDPG. Because the
training process requires significant computational resources to
calculate gradients and update parameters, the computational
complexity mainly consists of the complexity of computing
gradients and the complexity of updating parameters.

Let Gg, Gp, Gpr, G4, and G¢ be the computational
complexity of computing gradients for the encoder network,
the decoder network, the discriminator network, the actor
network, and the critic network, respectively. Let Ug, Up,
Up/, Ua, and G¢ be the computational complexity of
updating parameters for the aforementioned networks. First,
we analyze the complexity of the elastic FL training of
AAE, which is influenced by the number of SBSs and the
number of UEs covered by each SBS. Let n;, represent
the number of UEs under SBS b, and each UE needs
to undergo e iterations of local training. Therefore, the
complexity of the elastic FL training of AAE is Ogurp1 =

0 SRW S8 npe (2Gp + Gp + G +2Up + Up + Upy)).
ext, we analyze the computational complexity of MAD-
DPG training, which is mainly influenced by the number of
SBSs. Since the local target actor and local actor have the same
network structure, they have the same G 4 and U4. Moreover,
each SBS’s two local target critic networks, two local critic
networks, two global critic networks, and two global target
critic networks have the same network structure, so they are
both G¢ and Ug. It should be noted that the target networks do
not need to caculate gradients, and the training and updating
parameters process will not be activated until the tuples
stored in the replay buffer are larger than M. Therefore, the
computational complexity of MADDPG training is O,qqri =
O((RmazT — M) (B(Ga+Ug)+ (2+ B)(Ge + Ug))).
Thus, the total computational complexity is O = Ogqrf1 +
Omadrl-

Algorithm 3: Testing Stage for the MADDPG Frame-
work

1 for episode from 1 to E' do

2 Predict the popular contents p;;

3 Receive initial local state s;;

4 for time slot t from 1 to T do

5 for agent b from 1 to B do

6 Generate caching placement based on the
optimal policy aj = 7 (s} | ;) ;

7 Execute action aj, observe local reward R}
and obtain new local state s'{‘fl;

8 Observe global R! and obtain next global state

stt1,

V. SIMULATION RESULTS

In this section, simulation experiments are conducted to
evaluate the performance of the proposed CEFMR scheme in
the collaborative caching system.

TABLE II: Values of the parameters in the experiments.

Parameter Value Parameter Value
Rmaz 1000 £’ 100
M 256 T 100
o 1 e 30
X 100 o 100
Y 0.99 n 0.01
T 0.001
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Fig. 5: Global and local losses during the training stage of
MADDPG

A. Settings and Dataset

The simulation experiments in this paper are conducted
based on Python 3.8 while leveraging the extensively acknowl-
edged MovieLens 1M dataset, which encompasses nearly 100
million movie ratings given by 6040 anonymous users for 3883
movies [55]. A part of the movies that have been rated by users
will be the requested contents for the UEs. Table II lists the
values of all parameters in the simulation.

B. Training Stage

First, we present the training results of the MADDPG
algorithm, where the number of SBSs is set to 2. Fig. 5 shows
the average loss of the two global critic networks for the two
SBSs, and two local losses of the local critic networks for each
SBS. As can be seen from Fig. 5, the global loss decreases
slowly until the 400th episode and then gradually stabilizes,
while the local losses of two SBSs decrease slowly until the
750th episode and then gradually stabilize. The loss represents
the error between the action-state value and the actual reward,
thus the action-state value gradually approaches the actual
reward with the progress of training the loss decreases. This
means that MADDPG algorithm converges after training, and
we can obtain an optimal local actor network for each SBS. It
should be noted that the number of UEs will only affect the
speed of elastic FL training and does not impact MADDPG.
Additionally, the primary objective of this paper is to address
the cooperative caching challenges among multiple MBSs. As
a result, to maintain focus and ensure a controlled environment
for our analysis, we set a fixed number of UEs during the
training of elastic FL. Research on dynamic UE numbers has
been explored in our previous work [51], [55].

C. Performance Evaluation

The experiments use the cost and cache hit ratio of the
network as performance metrics. The cache hit ratio quantifies
the utilization of the edge caching. If the content requested by
a UE within the coverage of a local SBS b is cached in the
SBS or adjacent SBSs, it is called a cache hit. Otherwise, it
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Fig. 6: Weight distance vs round. (a) Encoder network; (b)
Decoder network; (c¢) Discriminator network.

is called a cache miss. Thus the cache ratio of SBS b can be
calculated as

cache hits
Hy = . 2
CH, cache misses + cache hits (32)
The average cache hit ratio of all SBSs is calculated as
1B
CH = B bgl CHy. (33)

In order to evaluate the performance of the proposed
CEFMR scheme, three baseline caching schemes are intro-
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Fig. 7: Performance vs cache capacity under different schemes.
(a) Cost; (b) Cache hit ratio.

duced as below for comparison.

o Random: Each SBS randomly selects C' contents from all
contents for caching.

o C-e-greedy: Each SBS caches the C' contents with the
highest number of requests based on the probability of
1 — ¢, it randomly selects C contents for caching with a
probability of . In the simulation, € = 0.1.

e Thompson sampling: Each SBS updates the contents
cached in that SBS based on the number of cache hits
and cache misses in the previous time slot, and caches
the C' contents with the highest values.

o Bayes-Based Popularity Learning and Sequential Greedy
Algorithm (BSG) [54]: The algorithm first initializes each
content’s popularity with a Beta distribution and updates
their distribution based on the observed frequency of
requests and non-requests for each content. Then the
algorithm sorts SBS based on the sum of the popularity
of UE requested contents within the SBS coverage,
meanwhile it sorts all contents based on popularity. It then
allocates most popular contents to the top-sorted SBS.

e Traditional Federated MADRL (TFMADRL): This
scheme employs traditional federated learning to train the
AAE model, and then utilizes MADDPG for collaborative
caching.

o Elastic Federated learning with Non-RL (EFNRL): This
scheme utilizes elastic federated learning to train the AAE
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Fig. 8: Testing performance vs episode for different cache
capacities. (a) Cost; (b) Reward; (c) Cache hit ratio.

model. During caching, each SBS sorts the predicted
popularity of content and then caches the top C' contents.

For the Random scheme, the complexity is O(C'), where C
is the cache capacity of the SBS. The C-e-greedy scheme’s
complexity is O(B x mlogm), with B representing the
number of UEs covered by each SBS, and m being the
number of content requests by UEs. Thompson sampling has
an approximate complexity of O(e; x B x mlogm). The
BSG scheme’s complexity is approximately O(mqy; log me),
where my;; indicates all cached content in the CS. The
complexity of both Traditional Federated MADRL and our
CEFMR is approximated as Ogqr 1 + Omadri- The complexity
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Fig. 9: Performance vs cache capacity for different number of
SBSs. (a) Cost; (b) Reward; (c) Cache hit ratio.

of EFNRL is approximately Ogqr 1.

Figs. 6-(a), (b) and (c) show the average weight distance
of each layer between UEs’ local AAE models and global
AAE model, and the average weight distance of all layers
between UEs’ local AAE models and global AAE model under
different rounds in elastic FL training. It can be seen that all
the weight distances tend to decrease as round increases. After
a certain number of rounds, all the weight distances converge.
This is because as the training of elastic FL, both UEs’ local
models and global model gradually converge, and the local
models are trained based on the downloaded global model,
the divergence between local models and global model will
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gradually decrease. It also can be seen that all weight distances
do not reduce to zero after convergence. This is because the
data among UEs are diverse, thus the models trained locally
by UEs maintain their own characteristics.

Figs. 7-(a) and (b) show the total cost of all SBSs, where the
cost of each SBS b is arf + fr} , + xr} .+ 0rf ., and cache
hit ratio with different cache capacities of each SBS under
different schemes, respectively. It can be seen that the costs
of all schemes decrease as the cache capacity increases, and
the cache hit ratios increase as the cache capacity increases.
This is because all SBSs which have larger caching capacities
can cache more contents. As a result, UEs can more easily
fetch their requested contents from SBSs. This can alleviate
the pressure on the CS and improve the caching performance
of the system. The Random and Thompson Sampling schemes
have poor performance. This is because these schemes do
not cache contents based on predicting content popularity,
while other five schemes determine the cached contents based
on the predicted interested contents uploaded by the UEs
within the coverage of SBS. Both CEFMR and TFMADRL
schemes outperform EFNRL, BSG, and C-e-greedy schemes.
This is because CEFMR and TFMADRL schemes employ
cooperative caching using the MADDPG method. CEFMR
and TFMADRL schemes also outperform BSG scheme be-
cause they utilize a more efficient AAE model for popularity
prediction. Furthermore, from the figure, it can be observed
that as cache capacity increases, CEFMR scheme gradually
outperforms TFMADRL scheme. This is because CEFMR
scheme employs elastic federated learning to train the AAE,
which allows individual UE’s personalized models to better
reflect their own data. This means that for each UE, the
personalized AAE model is more likely to provide more
accurate predictions of content popularity. When the SBS’s
cache capacity increases, more accurate predictions can help
cache more suitable content, thereby increasing cache hit rates
and reducing costs.

Figs. 8-(a), (b) and (c) show the fluctuation figures of
the total cost of all SBSs, reward and cache hit ratio with
respect to episodes in the testing stage of MADDPG under
different cache capacities for each SBS. It can be seen that
the performance of the MADDPG tends to be smooth in
different testing episodes, which demonstrates the stability of
the algorithm. From these figures, it can also be seen that cost
decreases as cache capacity increases, while reward and cache
hit ratio increase as cache capacity increases. This is because
as the cache capacity increases, SBS can cache more contents
requested by UEs, and UEs can fetch more contents from the
local SBS, thereby improving the cache hit rate. Moreover, as
cache capacity increases, UEs can fetch more contents from
the local SBSs or from adjacent SBSs, instead of fetching them
from CS. Therefore, increasing cache capacity can reduce cost
and increase the saved cost, i.e., the reward.

Figs 9-(a), (b), and (c) show the variations in cost, reward,
and cache hit ratio with respect to the cache capacity of each
SBS under different numbers of SBSs. When the number of
SBSs is 1, this case provides the worst performance. This
is because the CEFMR scheme has become a single-agent
scheme. The local SBS cannot obtain requested contents from
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the adjacent SBSs, thus the UEs can only fetch the requested
contents from the local SBS or CS with a higher cost. As
the number of SBSs increases, the CEFMR scheme generally
performs better in terms of cost, reward, and cache hit ratio.
This is because more SBSs can cooperate to cache popular
contents. It also indicates the effectiveness of the CEFMR
scheme in coordinating edge caching.

VI. CONCLUSIONS

In this paper, we proposed a cooperative edge caching
scheme named CEFMR to optimize the cost to fetch contents
in next-generation networks. We first proposed an elastic FL
algorithm to train the personalized model for each UE, where
the AAE model was adopted for training to improve the predic-
tion accuracy, then a popular content prediction algorithm was
proposed to predict the popular contents for each SBS based
on the trained AAE model. Finally, we proposed a MADRL
based algorithm to decide where the predicted popular contents
are collaboratively cached among SBSs to reduce the cost
for fetching contents. Our experimental results demonstrated
the superiority of our proposed scheme to existing baseline
caching schemes. The conclusions are summarized as follows:

« CEFMR’s ability to extract hidden features from the local
data of UEs significantly outperforms baseline schemes
in predicting popular content for caching. Unlike other
schemes, CEFMR’s personalized approach personalizes
predictions to the specific usage patterns and preferences
of each UE. This leads to a more accurate and efficient
caching process, as evidenced by a comparison without
AAE model, which shows the improvements in the cache
hit ratio.

o The elastic FL algorithm within CEFMR uniquely assigns
specific weights to the model of each UE based on the
distance between previously trained local models and the
global model. This personalization ensures that each UE’s
model accurately reflects its data characteristics, a feature
not commonly seen in other schemes like traditional FL.
This approach has demonstrated CEFMR can enhance the
efficiency of the cached content and save cost.

o The MADDPG algorithm in CEFMR facilitates coopera-
tive decision-making on whether to cache content in local
SBS, adjacent SBSs or CS. This not only optimizes cache
storage distribution but also significantly reduces opera-
tional costs compared to the schemes without MADRL.
Our comparative analysis reveals that this method leads
to improvements in cache efficiency and cost savings.
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