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Abstract—Proactive caching is essential for minimizing latency
and improving Quality of Experience (QoE) in heterogeneous
edge networks. While Federated Deep Reinforcement Learning
(FDRL) shows promise for developing cache policies, it faces
challenges such as an expanding action space and difficulty in
balancing global knowledge sharing with local environmental
adaptation. In this paper, we propose a Layer-wise Relevance
Propagation-aided Personalized Federated (LRP-PFed) Deep Re-
inforcement Learning framework for edge caching to maximize
system utility while satisfying caching constraints. To handle the
expanding action space, we design a Multi-Head Double Deep
Q-Network (MH-DDQN) that reshapes the action output layers
into a multi-head structure, where each head generates a sub-
dimensional action. Furthermore, we introduce an LRP-based
adaptive personalization mechanism that dynamically determines
the optimal number of personalized layers for each edge server
during training. This approach enables automatic adaptation to
heterogeneous environments while leveraging global information
to accelerate learning convergence. Extensive experiments validate
the effectiveness of our approach, showing that MH-DDQN
achieves superior cache hit rates and reduced computational
complexity compared to traditional DRL methods, while our LRP-
guided personalization strategy achieves superior performance,
scalability, and adaptivity compared to existing FDRL methods.

Index Terms—Proactive caching, deep reinforcement learning,
layer-wise relevance propagation, personalized federated learning.

I. INTRODUCTION

THE explosive growth of mobile and connected devices
is reshaping digital content consumption, with networked

devices expected to reach 29.3 billion by 2023 and over
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70% of the global population having mobile connectivity [2].
Traditional cloud-centric content delivery architectures struggle
to meet the latency requirements of emerging applications
such as augmented reality, autonomous driving, and real-time
gaming, as users must fetch content from distant cloud servers
through backhaul networks. This centralized approach leads to
significant network congestion, increased latency, and degraded
Quality of Experience (QoE).

To address these limitations, Mobile Edge Computing (MEC)
has emerged as a paradigm that brings computation and storage
capabilities closer to end users [3]–[5]. Within this paradigm,
proactive caching enhances edge intelligence by strategically
pre-positioning popular content at edge servers before user
requests arrive [6]–[8]. By proactively caching frequently re-
quested content at the network edge, service providers can min-
imize the frequent back-and-forth communication with remote
cloud servers, enabling faster content access and reducing back-
haul traffic. However, one of the core challenges in proactive
caching lies in the fact that content popularity is both unknown
and dynamic, varying across different geographical locations,
time periods, and user demographics [9].

In recent years, deep learning-based methods have been
increasingly utilized to solve the proactive caching problem.
A typical approach usually involves a two-stage pipeline: first
predicting content popularity, followed by designing a caching
policy [10]. While various deep neural networks [11], [12] have
been applied to predicting popularity, the caching performance
is bottlenecked by prediction accuracy. Moreover, the models
need to be re-trained when user request patterns change, which
can be computationally expensive.

To overcome these challenges, deep reinforcement learning
(DRL) offers an end-to-end solution by learning caching poli-
cies through direct interactions with the environment, eliminat-
ing the need for explicit popularity predictions. Various DRL
models [13]–[17] have shown success in optimizing caching
strategies, but their performance relies on access to substantial
observation data (e.g., user feedback). In scenarios where a
single edge node has insufficient observations, DRL models
may suffer from slow convergence or even fail to converge.

To mitigate this issue, federated deep reinforcement learning
(FDRL) [18], [19] enables multiple edge nodes to collabo-
ratively train a global DRL model by sharing only model
parameters, rather than raw user feedback. This approach not
only preserves user privacy but also facilitates knowledge shar-
ing across distributed edge nodes, making it particularly well-
suited for the edge caching problem. By aggregating diverse
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knowledge from different nodes, FDRL can accelerate model
training and improve caching decisions, even for nodes with
insufficient local observations [20], [21]. However, three critical
challenges remain unaddressed:

1) The curse of dimensionality in the caching action space:
The exponentially growing action space with increasing con-
tent numbers poses significant challenges for DRL methods.
For each content item, edge servers must decide whether
to cache, update, or remove it, leading to a combinatorial
explosion where the action space grows exponentially with
the number of content items. Value-based methods [13], [14]
become computationally impractical as they need to evaluate
Q-values for all possible action combinations, while actor-
critic methods [15]–[17] require discretization of continuous
policies for caching decisions, introducing sampling instability
and suboptimal performance.

2) Heterogeneity across edge server environments: Conven-
tional FDRL implementations typically employ uniform model
aggregation, leading to action homogenization [22] across
servers. However, edge servers in different geographical loca-
tions and time zones serve diverse user populations with distinct
content popularity patterns. For example, business districts
favor work-related content during daytime while residential
areas prioritize entertainment content in evenings. This spatial-
temporal heterogeneity makes one-size-fits-all approaches inef-
fective, as globally averaged models fail to capture local user
preferences and environmental characteristics.

3) Content staleness in dynamic edge environments: Existing
edge caching solutions primarily focus on optimizing cache
hit rates and reducing retrieval costs, overlooking the temporal
validity of cached content. In dynamic scenarios where content
frequently updates (e.g., news feeds, social media, live stream-
ing), serving outdated cached versions can significantly degrade
user experience. This creates a fundamental trade-off between
maintaining cache efficiency and ensuring content freshness,
as frequent updates increase operational costs while infrequent
updates compromise information timeliness.

To address the challenges of dimensionality and heterogene-
ity, we propose a Layer-wise Relevance Propagation Person-
alized Federated (LRP-PFed) DRL framework. The objective
of this framework is to maximize system utility by jointly
considering user satisfaction, cache payment cost, and the Age
of Information (AoI) for cached content. In our framework,
each edge server trains a DRL model locally using user
feedback. These local models are then partially uploaded to
a central server after the layer-wise selection, enabling each
edge server to incorporate global knowledge while retaining
the ability to adapt to its unique local environment. The key
contributions of this work are summarized as follows.

• We design a new multi-head DRL network, called Multi-
Head Double Deep Q-Network (MH-DDQN), which serves as
a local cached model for each edge server in the proposed
framework. Specifically, each head in the output layer of the
MH-DDQN is responsible for generating a one-dimensional
sub-action. This reduces the discrete cache action space from
exponential to linear complexity regarding content size.

• To enable collaborative training among edge servers while
adapting to local heterogeneity, we propose the LRP-PFed
framework where each MH-DDQN-aided edge server acts as
a participant. Our framework employs Layer-wise Relevance
Propagation (LRP), a neural network interpretability tool, to
quantitatively analyze the contribution of different network
layers to caching decisions. Based on LRP scores and local-
global distribution divergence, we adaptively determine the
optimal split between base layers (shared globally) and person-
alized layers (retained locally), enabling automatic adaptation
to varying degrees of environmental heterogeneity.
• Through extensive experiments, we first show that the

proposed MH-DDQN outperforms other DRL algorithms in
terms of convergence speed and system utility. Moreover, our
LRP-PFed achieves superior performance compared to fully-
federated, non-federated, fixed-federated algorithms, and other
baselines under various system settings.

II. RELATED WORK

Recent years have witnessed increasing interest in applying
DRL to edge caching problems. Early attempts employed value-
based methods such as DQN [13] and DDQN [14] to learn
caching policies directly from user interactions. The Q-network
in these models takes the current state as input and outputs Q-
values for all possible caching actions. However, these methods
face a combinatorial explosion in the action space, which grows
exponentially with the number of content items, rendering them
computationally infeasible for large-scale caching scenarios. To
circumvent this challenge, one line of research has focused on
actor-critic methods, such as DDPG [15], PPO [16], and SAC
[17]. These approaches handle the high-dimensional action
space by relaxing the discrete caching decisions into a con-
tinuous probability space. While this avoids the combinatorial
explosion, it introduces a discrepancy between the learned con-
tinuous policy and the required discrete actions, often requiring
heuristic rounding that can lead to suboptimal performance.
An alternative approach is to directly address the discrete
combinatorial action space by decomposing the joint action-
value function. For instance, action branching architectures [23]
reduce the output complexity from exponential to linear by
using parallel network heads for each action dimension. This
principle is further advanced in [24], [25], which factorized
a global Q-value into individual components. Despite their
success in other domains, these principles of action space
decomposition and value function factorization have not yet
been explored for the proactive edge caching problem.

Beyond the action space challenge, the efficacy of DRL-
based caching is often bottlenecked by the availability of train-
ing data at individual edge servers. To mitigate this issue, FL
has emerged as a promising paradigm that enables collaborative
model training across distributed servers while preserving local
data privacy. Early applications focused on collaborative con-
tent popularity prediction [26], where knowledge aggregation
across servers improved prediction accuracy. More recently,
this paradigm was extended to FDRL [20], enabling edge
servers to collaboratively train a shared policy network by
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exchanging model parameters. Subsequent studies [19], [21]
refined the FDRL framework by optimizing for system metrics
like latency and energy efficiency. However, a critical limitation
persists in these works: they typically rely on uniform model
aggregation, forcing a single, “one-size-fits-all” global model
upon all participants. This approach inherently overlooks the
environmental heterogeneity across servers, where local user
preferences can diverge substantially from the global average,
leading to suboptimal local performance [22].

Personalization is an emerging topic in FL to address local
heterogeneity. Existing personalized FL methods can be broadly
categorized into three main paradigms: meta-learning-based
methods, adaptive model fusion, and layer-wise personalization.

Meta-learning-based methods [27], [28] train a global
meta-model that can be quickly adapted to local data by a
few gradient updates. This balances collaborative learning with
individual adaptation and is effective when clients share similar
base representations but require customized refinement. How-
ever, repeated local fine-tuning imposes high computational
overhead, which can be impractical for resource-limited edge
nodes. Adaptive model fusion methods (e.g., FedFomo [29],
FedAMP [30]) pursue lightweight personalization by adaptively
adjusting the fusion ratio between local and global models
at each client. Such methods efficiently mitigate client drift
through parameter-level adaptation but operate with a uniform
fusion ratio across the network, providing only coarse-grained
control and limited insight into which model components
should be globally shared or locally specialized.

In contrast, layer-wise personalization [31] delivers a more
structure-aware and fine-grained form of adaptation by explic-
itly partitioning the model into shared “base” layers and locally
trained “personal” layers. The underlying principle, supported
by extensive research [32]–[35], is that shallow layers learn
general features suitable for global aggregation, while deeper
layers capture task-specific patterns that should be trained
privately. According to a recent empirical analysis in [36],
layer-wise approaches such as FedPer [31] and FedBABU [34]
achieve not only competitive accuracy but also the lowest
memory overhead among major personalized FL methods.

Despite its promise, the application of layer-wise person-
alization to FDRL for edge caching is still in its infancy.
Initial attempts [37], [38] have explored this direction but
often rely on heuristic layer splitting without a systematic
methodology. To the best of our knowledge, our work is the
first to employ interpretability techniques to guide the layer
partitioning process in FDRL for edge caching.

III. SYSTEM MODEL

A. Network Model
We consider an edge caching system consisting of a central

content server (CCS) and a network of MEC servers, denoted
by M = {1, 2, . . . ,M}. Each MEC server is connected to a
corresponding base station and provides content caching service
to users.

The system manages a total of C content items, represented
as C = {1, 2, . . . , C}, which can be requested by users.
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Fig. 1: System model.

Each content c ∈ C is characterized by a tuple (ηc, ϕc, χc),
where ηc ∈ R+ represents the data size of content c. The
parameters ϕc ∈ R+ and χc ∈ R+ denote the downloading
cost and updating cost, respectively. Specifically, ϕc represents
the cost of downloading content c for the first time from the
CCS to an MEC server. In contrast, χc represents the cost
of updating an existing cached version of content c, which
typically only requires transferring the modified portions of the
content. Therefore, we have χc < ϕc for each content c.

The set of users is defined as U = {1, 2, . . . , U}, with each
subset Um ⊆ U representing the users within the coverage area
of MEC server m. To simplify the model, we assume that the
coverage areas of different MEC servers do not overlap, i.e.,
Ui ∩ Uj = ∅ for any i, j ∈ M, i ̸= j. The system model is
depicted in Fig. 1.

B. Proactive Caching Model
The system operates over finite time slot set T =

{1, 2, . . . , T} and each slot contains the following stages:
• Content Placement and Update. At the beginning of time

slot t, the content is deployed at MEC server m according
to the caching policy αt

m = {αt
m,1, α

t
m,2, . . . , α

t
m,C}, where

αt
m,c = 1 if the MEC server m caches content c at time slot t,

otherwise αt
m,c = 0. Given the physical storage limitation Nm

of each MEC server m, the caching policy αt
m must adhere to

the following storage constraint:∑C

c=1
αt
m,cηc ≤ Nm, ∀m ∈ M, ∀t ∈ T . (1)

However, a policy αt
m,c alone is insufficient because it does

not capture the dynamic nature of content freshness. To address
this, βt

m is introduced to govern the active decision of when to
update a cached item by fetching a new version. The update
policy is denoted by βt

m = {βt
m,1, β

t
m,2, ..., β

t
m,C}, where

βt
m,c = 1 indicates that MEC server m updates content c at

time slot t, and βt
m,c = 0 otherwise. Note that content updates

can only be performed on currently cached content, which leads
to the following constraint:

βt
m,c ≤ αt

m,c, ∀m ∈ M, ∀c ∈ C, ∀t ∈ T . (2)

This separation cache and update policy is essential because
these two decisions manage different aspects of system perfor-
mance: one controls cache occupancy, while the other directly
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mediates the trade-off between the costs of performing an
update and the benefits of serving fresh content. The interplay
between these policies will be formally captured in the system
utility model presented later.

• User Request. Following the content placement phase,
each user u ∈ Um generates a request vector dt

u =
{dtu,1, dtu,2, . . . , dtu,C} and sends it to their associated MEC
server m. Here, dtu,c = 1 indicates that user u requests content
c at time slot t, and dtu,c = 0 otherwise. For each MEC server
m, we aggregate all user requests into a received request vector
dt
m = {dtm,1, d

t
m,2, . . . , d

t
m,C}, where dtm,c =

∑
u∈Um

dtu,c
represents the total number of requests for content c. This
aggregated demand directly reflects the content popularity Pc,m

in the service area of MEC server m.
In our proactive caching model, the content popularity Pc,m

is assumed to have an unknown distribution, and its statistical
characteristics need to be learned through observations over
time. Besides, due to varying user demographics and behavior
patterns across different locations, the popularity of the same
content exhibits heterogeneity across different MEC servers,
i.e., Pc,m ̸= Pc,n for m ̸= n. To model this heterogeneous
popularity distribution, many works adopt the Mandelbrot-Zipf
(MZipf) distribution [39]. Under this model, the popularity of
content c at server m can be expressed as:

Pc,m =
(κc + qm)−km∑

c′∈C(κc′ + qm)−km
, (3)

where κc represents the popularity rank of content c (with
κ1 = 1 for the most popular content). The plateau factor qm
determines how flat the popularity distribution is at the head,
while the Zipf factor km controls how quickly the popularity
decays for less popular content. Different combinations of
these parameters can capture various user preference patterns
in different regions.

• Cache Service. At the end of each time slot, the system
processes all user requests through one of the two ways:

Edge delivery (cache hit): If the requested content has been
cached at the local MEC server, i.e., αt

m,c = 1, the request is
served directly from the edge cache, resulting in lower latency
and reduced backhaul network load.

Remote delivery (cache miss): If the requested content is not
available in the local cache, i.e., αt

m,c = 0, the content must
be retrieved from the CCS through backhaul links, incurring
additional delay and network costs.

C. System Utility Model

In this work, the system utility is composed of three parts:
• Cache Payment Cost. From the perspective of MEC servers,

retrieving content from the CCS incurs significant costs that
should be minimized. These costs primarily arise from two op-
erations: (1) downloading new content that was not previously
cached and (2) updating existing cached content to maintain
freshness. The total payment cost of MEC server m at time

slot t can be expressed as:

Et
m =

∑C

c=1
I(αt

m,c, α
t−1
m,c)ϕc︸ ︷︷ ︸

downloading cost

+ I (αt
m,c, α

t−1
m,c)β

t
m,cχc︸ ︷︷ ︸

updating cost

, (4)

where I(i, j) = 1 if and only if i = 1 and j = 0; I (i, j) = 1
if and only if i = 1 and j = 1. The first term captures the
downloading cost when content c transitions from uncached
(αt−1

m,c = 0) to cached (αt
m,c = 1) status. This corresponds

to fetching the entire content from the CCS. The second term
represents the updating cost for content that remains cached
(αt−1

m,c = αt
m,c = 1) and is selected to update (βt

m,c = 1) in the
current time slot. In this case, only incremental updates of the
content are required.

• Cache Hit Ratio. Regarding the users, a cache hit allows
immediate edge delivery via cellular links, while a cache miss
requires fetching the content from remote CCS via backhaul
links, leading to larger delays. Therefore, the Cache Hit Ratio
(CHR), as the metric used to evaluate the user QoE, is another
factor of our system utility. Specifically, the instantaneous CHR
can be calculated as:

Ht
m =

∑
u∈Um

∑C
c=1 α

t
m,cd

t
u,c∑

u∈Um

∑C
c=1 d

t
u,c

, (5)

where the numerator represents the number of requests success-
fully served by the edge cache, and the denominator represents
the total number of requests received by MEC server m.
A higher Ht

m value indicates better caching efficiency and
improved user QoE.
• AoI cost. To quantify the freshness of content delivered

to users, we employ the AoI metric. For a content request,
AoI measures the elapsed time since the most recent update
of the delivered content items, directly reflecting the staleness
of information received by users. Let δtm,c denote the AoI of
content c delivered by MEC server m at time slot t. Its evolution
follows [40]:

δtm,c =


1, if αt

m,c = 0 or I(αt
m,c, α

t−1
m,c) = 1 or

I (αt
m,c, α

t−1
m,c) = 1, βt

m,c = 1,

δt−1
m,c + 1, if I (αt

m,c, α
t−1
m,c) = 1, βt

m,c = 0.
(6)

The first case δtm,c = 1 represents the situation where users
receive the latest version of the content, which occurs in three
situations: (1) when the content is not cached (αt

m,c = 0) and
retrieved directly from the remote server, (2) when the content
is newly cached (I(αt

m,c, α
t−1
m,c) = 1), or (3) when the cached

content is updated (I (αt
m,c, α

t−1
m,c) = 1, βt

m,c = 1). The second
case reflects situations where users receive cached but non-
updated content, resulting in linearly increasing AoI.

The average AoI for all requests served by MEC server m
at time slot t is defined as:

∆t
m =

∑
u∈Um

∑C
c=1 δ

t
m,cd

t
u,c∑

u∈Um

∑C
c=1 d

t
u,c

. (7)

This metric only considers the AoI of requested content, reflect-
ing our design that optimizes the user-centric trade-off between
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cache efficiency, operational costs, and information freshness.
By focusing on actually requested content rather than the entire
content library, our utility model ensures that optimization
efforts are directed toward content that directly impacts user
experience, making the subsequent reward function design both
practical and meaningful.

D. Problem Formulation

Based on the three-component system utility model estab-
lished above, we formulate the edge caching optimization as
a multi-objective problem that balances user experience, oper-
ational efficiency, and content freshness. The inherent trade-
offs among these objectives, such as the conflict between
maximizing cache hit rates and minimizing payment costs when
popular content requires frequent updates. In this paper, we aim
to optimize the averaged system utility over a time horizon of
T and all MEC servers M by jointly maximizing the CHR,
minimizing the payment cost, and reducing the AoI. This
optimization also considers the limited MEC server storage
capacity and ensures that the AoI of any cached content does
not exceed a predefined threshold. The optimization problem
can be formulated as:

max
{A,B}

∑T
t=1

∑M
m=1 ω1H

t
m − ω2E

t
m − ω3∆

t
m

TM
, (8)

s.t.


C1:

∑C
c=1 α

t
m,cηc ≤ Nm, ∀m ∈ M, ∀t ∈ T ,

C2: βt
m,c ≤ αt

m,c, ∀m ∈ M, ∀c ∈ C, ∀t ∈ T ,

C3: δtm,c ≤ ∆max, ∀m ∈ M, ∀c ∈ C, ∀t ∈ T ,

C4: αt
m,c, β

t
m,c ∈ {0, 1}, ∀m ∈ M, ∀c ∈ C, ∀t ∈ T ,

where A = {αt
1, α

t
2, . . . , α

t
M , ∀t ∈ T } and B =

{βt
1, β

t
2, . . . , β

t
M , ∀t ∈ T } represent the caching and updating

decision variables of MEC servers, respectively. The weighted
parameters ω1, ω2, and ω3 control the relative importance
of the three utility components, enabling system operators to
adapt the optimization focus to specific deployment scenarios.
For instance, news delivery services may emphasize content
freshness with higher ω3, while video streaming platforms
may prioritize cache efficiency with higher ω1. The constraint
C1 ensures that the sum of the content size will not exceed
the storage capacity of each MEC server. The constraint C2
indicates that content can only be updated if it is already cached
in the MEC server. The constraint C3 enforces an upper bound
on the AoI to maintain content freshness. The constraint C4
ensures that our caching and updating actions are discrete.

The above optimization problem is an integer linear pro-
gramming (ILP) problem, which is known to be NP-hard.
The complexity comes from the fact that the combinatorial
action spaces make it computationally intractable to find the
optimal solution through exhaustive search. Due to the tem-
poral dependencies in system state evolution, previous works
have naturally modeled such problems as Markov Decision
Processes (MDPs) and solved them using DRL approaches.
However, as discussed in the introduction, (Federated) DRL
approaches face several limitations when solving our problem.

Therefore, we propose a novel approach in the next section
that addresses these limitations through two key innovations: (1)
redesigning the DRL model structure to reduce the action space
from exponential to linear complexity, and (2) introducing
a layer-wise personalized aggregation mechanism to handle
heterogeneous content popularity while maintaining effective
knowledge-sharing.

IV. ALGORITHM DESIGN

In this section, we first propose a multi-head structure to
improve the existing DRL algorithm, enabling a single MEC
server to handle the large discrete action space. Subsequently,
we construct a layer-wise personalized federated training archi-
tecture that allows multiple MEC servers to enhance collabora-
tive learning performance while simultaneously accommodat-
ing local heterogeneity.

A. Multi-head Double Deep Q-Network

1) Markov Decision Process: To present our new DRL
method, we first formulate the proactive caching process as
an MDP, which can be defined by a 4-tuple (S,A,P,R), where
S represents the set of states, A represents the set of actions,
Pa(s, s

′) is the set of probability that action a in state s will lead
to state s′, Ra(s, s

′) consists of reward values after transitioning
from state s to state s′, due to action a. For each MEC server
m, the detailed state space, action space, and reward function
are summarized as follows.
• State Space. The state is the system information observed

by the MEC server m at the beginning of each time slot, de-
scribed as stm = [d̄t

m,αt−1
m , δt−1

m ] ∈ S. Here, αt−1
m ∈ {0, 1}C

represents the current cache status after the previous time slot,
and δt−1

m ∈ RC denotes the current AoI of cached content.
d̄t
m ∈ RC captures the historical content request patterns,

defined as:

d̄t
m =

∑w−1
k=1 ρk · d(t−k)

m∑w−1
k=1 ρk

, (9)

where d
(t−k)
m represents the content request vector at time

(t − k). We adopt an exponentially weighted moving average
(EWMA) approach to model content popularity, with window
size w and decay factor 0 < ρ < 1. This approach assigns
exponentially decreasing weights to past observations, allowing
the model to adapt more rapidly to temporal variations and
capture the latest popularity trends more effectively.
• Action Space. The MEC server m determines which

content should be cached and updated for the next time slot
through two action vectors: αt

m = [αt
m,1, α

t
m,2, . . . , α

t
m,C ] for

caching decisions and βt
m = [βt

m,1, β
t
m,2, . . . , β

t
m,C ] for updat-

ing decisions. For each content c, the possible combinations
of (αt

m,c, β
t
m,c) are constrained by C2, resulting in three valid

action pairs: (0, 0) when content is not cached, (1, 0) when
content is cached but not updated, and (1, 1) when content is
both cached and updated. Consequently, for C content items,
the total action space size is 3C , which grows exponentially
with the number of contents.
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Fig. 2: Overview of MH-DDQN.

• Reward Function. Given the state-action pair, the reward
obtained from the environment is defined as:

rtm = ω1H
t
m − ω2E

t
m − ω3∆

t
m − ϱ, (10)

where the first three terms directly correspond to our optimiza-
tion objective in Eq. (8). The penalty term ϱ is designed to
enforce hard constraints through reward shaping, defined as:

ϱ =


λ1, if

∑C
c=1 α

t
m,cηc > Nm (violates C1),

λ2 · V t
m, if V t

m > 0 (violates C3),
0, otherwise,

(11)

where V t
m =

∑C
c=1 α

t
m,c · I(δtm,c > ∆max) represents the

number of cached content items that violate the freshness
constraint at MEC server m during time slot t. Here, I(·)
is the indicator function that equals 1 when the condition is
true and 0 otherwise. λ1 and λ2 are positive penalty values.
For constraint C3, the penalty is proportional to the number
of cached content items that exceed the freshness threshold,
encouraging the agent to minimize both the occurrence and
extent of constraint violations. This graduated penalty design
provides more nuanced feedback to the learning agent, enabling
faster convergence to feasible and high-quality solutions.

To handle the unknown transition probabilities and high-
dimensional state-action space, we employ Double Deep Q-
Network (DDQN) [14], which reduces overestimation bias
compared to DQN [13]. However, traditional DDQN still faces
challenges with exponentially growing discrete action spaces in
our caching scenario.

2) Multi-head Q Network: Traditional value-based DRL
methods, such as DQN and DDQN, learn a Q-function that
estimates the expected cumulative reward of taking specific
actions in a given state. During action selection, these methods
evaluate Q-values for all possible actions and choose the one
with the highest value. However, in our caching problem, each
MEC server m needs to make joint decisions for C content
items through two action vectors: αt

m for caching decisions
and βt

m for updating decisions. Due to constraint C2, each
content c has three valid action combinations: (αt

m,c, β
t
m,c) ∈

{(0, 0), (1, 0), (1, 1)}. This results in a joint action space of size
3C , which grows exponentially with the number of contents

and makes traditional DQN-based approaches computationally
prohibitive for evaluating all possible action combinations.

To address this exponential action space challenge, we pro-
pose a Multi-Head Double Deep Q-Network (MH-DDQN),
shown in Fig. 2. Our key insight is to decompose the joint
decision-making process into C independent sub-decisions,
transforming the exponential complexity into linear complexity.
Instead of learning a single Q-function for the entire joint action
space, our MH-DDQN decomposes it into C independent sub-
Q-functions. As shown in the right part of Fig. 2, the MH-
DDQN network uses C parallel output layers (referred to as
heads), each responsible for estimating Q-values for the three
possible action combinations of a single content. For notation
convenience, we define the sub-action for content c as:

atm,c =


0, if (αt

m,c, β
t
m,c) = (0, 0),

1, if (αt
m,c, β

t
m,c) = (1, 0),

2, if (αt
m,c, β

t
m,c) = (1, 1).

(12)

Each head c learns an independent sub-Q-function, enabling
the MEC server to make independent optimization decisions
for each content dimension given the current state stm. This
decomposition is well-suited for our caching problem because:
(1) the reward function (Eq. 10) can be naturally decom-
posed into content-specific contributions, and (2) while content
popularity may exhibit correlations, the caching decision for
each content can be made independently given sufficient state
information. Consequently, the computational complexity for
action selection reduces from O(3C) to O(3C), achieving a
fundamental reduction from exponential to linear complexity.

The whole MH-DDQN consists of two neural networks
with identical multi-head structures: the MH-Q network, which
interacts with the environment to estimate Q-values, and the
MH-target network, which computes target Q-values for train-
ing stability. When an MEC server m observes a state stm,
the MH-Q network outputs sub-Q-values for each dimension
c ∈ {1, . . . , C}. In particular, the sub-Q-value of sub-action
am,c,j ∈ {0, 1, 2} in the c-th action dimension is defined as
Qm,c,j(s

t
m, am,c,j). The sub-action with the highest Q-value is

selected for each dimension:

atm,c = argmaxam,c,j∈{0,1,2} Qm,c,j(s
t
m, am,c,j). (13)

The final joint action at
m is generated by combining each

dimension action, i.e., at
m = {atm,c|c = 1, . . . , C}.

The MH-target network Q−
m,c(·) has the same C parallel

heads with the MH-Q network, which is used to compute the
target Q-values for updating the MH-Q network, defined as:

ytm,c = rtm + γQ−
m,c(s

t+1
m , argmax

am,c,j∈{0,1,2}
Qm,c,j(s

t+1
m , am,c,j)),

(14)

where γ is the discounted factor.
The interaction between the MEC server and the environment

generates transitions (stm,at
m, rtm, st+1

m ), which are stored in a
memory buffer. In each training step, a mini-batch of transitions
is randomly sampled to compute the loss and update the MH-Q
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Algorithm 1 MH-DDQN Algorithm for MEC Server m

Input: Reward function weights ω1, ω2, ω3, λ1, λ2, learning
rate ξ ∈ [0, 1], update coefficient τ ∈ [0, 1], number of
episodes E and training steps T .

Output: MH-DDQN model θtm of MEC server m.
1: Initialize memory buffer Bm;
2: Initialize MH-Q network with random parameters θm and

MH-target network with parameters θ−m = θm;
3: for episode e = 1, . . . , E do
4: Initialize state s0m randomly;
5: for t = 0, 1, 2, . . . , T do
6: With probability ϵ select at

m randomly; Otherwise
select at

m = {atm,c|c = 1, . . . , C} by Eq. (13);
7: Cache content based on at

m, observe next state st+1
m

and reward rtm according to Eq. (10);
8: Store transition (stm,at

m, rtm, st+1
m ) into Bm;

9: Sample a mini-batch of transitions randomly from
Bm and calculate loss function in Eq. (15);

10: Update MH-Q Network by:
θt+1
m = θtm − ξ∇θt

m
(L(θtm));

11: Update MH-target network by:
¯θt+1
m = τθt+1

m + (1− τ)θ̄tm;
12: end for
13: end for

network parameters. The loss function also takes into account
all C dimensions, defined as:

L(θtm) = E(st
m,at

m,rtm,st+1
m )[

1

C

C∑
c=1

(ytm,c −Qm,c(s
t
m, atm,c))

2].

(15)
The parameters θm of the MH-Q network are updated using

gradient descent based on the loss calculated above, while the
parameters θ−m of the target network are softly updated to slowly
align with the MH-Q network, ensuring stability in the learning
process. The primary steps of the MH-DDQN algorithm are
summarized in Algorithm 1.

B. Layer-wise Personalized FDRL for Caching

While the proposed MH-DDQN successfully addresses the
exponential action space challenge, DRL methods still face the
fundamental requirement of sufficient training data to achieve
satisfactory decision accuracy. In scenarios with limited local
request observations, individual MEC servers may struggle to
learn good caching policies. Therefore, we consider a federated
learning approach that enables collaborative learning among
multiple MEC servers. At each time slot, the MEC servers
upload their locally trained MH-DDQN model parameters to
the CCS for aggregation. This process ensures that raw user
request data never leaves the local MEC server, providing a
fundamental layer of privacy.

However, the federated approach introduces a critical ques-
tion: how much local knowledge should be shared? Traditional
FDRL that shares entire models would lead to a “compromise”
strategy that performs suboptimally for heterogeneous servers.

Consider two MEC servers: one in a business district where
news content dominates, and another in a residential area
where entertainment videos are popular. A promising solution
is personalized FDRL where each edge server autonomously
decides how to utilize global and local knowledge.

Specifically, we adopt a layer-wise approach where servers
selectively replace certain layers with global parameters while
retaining local parameters for others. This design is motivated
by the hierarchical nature of neural networks: early layers
learn general feature representations that are consistent across
regions, while later layers learn content-specific decision poli-
cies highly dependent on local popularity patterns. The key
challenge becomes: how to determine which layers to share?
Existing layer-wise methods rely on empirical trial-and-error
with fixed splitting points, facing prohibitive computational
overhead and ignoring server-specific characteristics. To ad-
dress this, we propose an LRP-based strategy that automatically
determines server-specific optimal splitting points.

1) LRP-based Layer Selection: LRP is a widely-used ex-
plainability technique that traces the contribution of each neu-
ron to the final output by backpropagating a “relevance” score
through the network [41]. While the original LRP was designed
for standard classifier networks, our MH-DDQN architecture,
with its multi-head structure, requires a specific adaptation. The
following process describes the computation of the layer-wise
relevance score, LRPt

m(l), for a layer l ∈ {1, . . . , L} at a
given MEC server m and time slot t. For notational simplicity,
we omit the time index t from all variables throughout this
derivation. The process is defined in three steps:

Step 1: Relevance Initialization. The LRP process begins at
the output layer (denoted by layer L). For our MH-DDQN, this
layer consists of C parallel heads, with each head containing
3 neurons that output the Q-values for the sub-actions defined
in Eq. (12). We initialize the relevance of each output neuron
as its Q-value, as this value is the quantity we aim to explain.

Ri
m(L) = Qm,c,j(sm, am,c,j), (16)

Here, the neuron index i has a direct mapping to a specific
content-action pair (c, j), for example, via i = 3×(c−1)+j+1,
where c ∈ {1, . . . , C} is the content index and j ∈ {0, 1, 2} is
the sub-action index. This ensures that the relevance attributed
to each output neuron is precisely its contribution to the overall
policy evaluation.

This initialization reflects the contribution of each sub-action
decision to the overall caching policy. The output layer contains
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3C neurons in total, organized into C heads, each responsible
for evaluating three possible actions for one content item.

Step 2: Relevance Propagation. Following the layer-wise
relevance propagation principle in [41], we propagate relevance
from layer l + 1 backwards to layer l by computing:

Ri
m(l) =

∑
k∈layer l+1

aim(l)wik
m

zkm + ϵ · sign(zkm)
·Rk

m(l + 1) (17)

In this equation, Ri
m(l) is the relevance of neuron i in layer

l. The sum is over all neurons k in layer l+1 that are connected
to neuron i. aim(l) is the activation of neuron i, and wm

ik is the
weight of the connection between neuron i and neuron k. The
term zkm =

∑
j∈layer l a

j
m(l) ·wjk

m + bkm is the pre-activation of
neuron k. A small stabilization constant ϵ (e.g., 0.01) is used to
prevent division by zero. This rule redistributes the relevance
of each neuron in layer l + 1 to its contributors in layer l
proportionally to their weighted activations, thereby conserving
the total relevance across the network.

Step 3: Aggregation to a Layer-wise Relevance Score.
After propagating relevance from the output layer all the way
down to a specific layer l, we obtain the relevance R

m,(l)
i for

every neuron i in that layer. To get a single, comprehensive
score representing the overall importance of layer l to the final
decision, we sum the relevance of all its neurons:

LRPm(l) =
∑

i∈layer l
Ri

m(l) (18)

The whole process is shown in Fig. 3. The layer-wise rele-
vance scores LRPt

m(l) computed through this process quantify
the importance of different network layers for the caching
decisions. Layers with higher relevance scores are deemed
more critical for decision-making and thus more suitable for
personalization, while layers with lower scores encode more
general features that can be safely shared across MEC servers.

Given a set of layer-wise relevance scores {LRP t
m(l)}l∈L,

the next critical step is determining the optimal splitting point
between base layers (shared globally) and personalized layers
(retained locally). A straightforward approach would apply a
uniform split threshold across all MEC servers. However, this
ignores the fundamental heterogeneity in local environments.

In this work, we propose an adaptive splitting rule where the
personalization threshold adapts to each server’s local charac-
teristics. The key insight is that servers with more distinctive
local patterns should retain more personalized layers to preserve
their unique decision-making capabilities, while servers with
patterns similar to the global average can benefit more from
knowledge sharing. To quantify this distinction, we use the
Kullback-Leibler divergence (KLD) between local and global
content request distributions as a measure of environmental
heterogeneity:

KL(Pt
m||Pt

G) =
∑C

c=1
P t
m(c) log

P t
m(c)

P t
G(c)

, (19)

where Pt
m and Pt

G are C-dimensional probability vectors
representing the local and global content request distributions,

respectively:

P t
m(c) =

d̄tm,c∑
c′∈C d̄

t
m,c′

, P t
G(c) =

∑
m∈M d̄tm,c∑

m∈M
∑

c′∈C d̄
t
m,c′

. (20)

Based on this measure of local-global divergence, we design
an adaptive personalization threshold for each MEC server that
automatically adjusts to their environmental heterogeneity:

Sptm = min{1, basesp · (1 + λ ·KL(Pt
m||Pt

G))}, (21)

where λ is a scaling factor and basesp is a basic sharing ratio.
This formulation offers several key advantages: (1) servers with
higher KL divergence (indicating more distinctive local pat-
terns) are assigned higher thresholds, leading to more person-
alized layers; (2) the use of min naturally bounds the threshold
within the [0, 1) range, ensuring its mathematical stability when
camparing the LRP values; and (3) the scaling factor λ controls
the sensitivity of the threshold to environmental heterogeneity,
allowing the system to tune the balance between personalization
and knowledge sharing.

With the adaptive threshold determined, we identify the
splitting point using a cumulative relevance analysis. Since
higher-relevance layers are more critical for decision-making
and thus more suitable for personalization, we calculate the
cumulative relevance ratio from the output layer backwards:

CLRP t
m(l) =

∑L
k=l LRP t

m(k)∑L
k=1 LRP t

m(k)
. (22)

With this backward definition, CLRP t
m(l) is non-increasing

in l and satisfies CLRP t
m(1) = 1. The rationale is to priori-

tize personalizing the most decision-critical deeper layers that
exhibit higher LRP scores. The splitting point l∗m(t), i.e., the
first personalized layer (closest to the input among the person-
alized ones), is chosen as the deepest layer whose backward
cumulative relevance meets the personalization threshold:

l∗m(t) = max{l|CLRP t
m(l) ≥ Sptm}. (23)

The splitting point l∗m(t) identifies the deepest layer whose
backward-cumulative relevance exceeds the personalization
threshold Sptm. Layers {l∗m(t), l∗m(t)+1, . . . , L} from this point
to the output are personalized to preserve local decision-making
capacity, while shallower layers {1, 2, . . . , l∗m(t)−1} are shared
as base layers to leverage global knowledge. Larger Sptm (due
to higher KL) pushes l∗m(t) toward the input, resulting in fewer
shared base layers and more personalized layers.

Illustrative Example: Consider two MEC servers with dif-
ferent heterogeneity levels: Server A with KL(PA||PG) = 0.8
and Server B with KL(PB ||PG) = 0.2. With a scaling factor
λ = 1.0 and basesp = 0.5, the adaptive thresholds become
SpA = 0.9 and SpB = 0.6. Given a model with five layers
and a backward cumulative relevance ratio array of CLRP =
[1.0, 0.95, 0.85, 0.70, 0.40], the splitting points are determined
as follows. For Server A, we find l∗A = max{l|CLRP (l) ≥
0.9} = 2. Thus, Server A personalizes layers {2, 3, 4, 5}. For
Server B, we find l∗B = max{l|CLRP (l) ≥ 0.6} = 4. Thus,
Server B only personalizes the layers, {4, 5}. This demonstrates
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Fig. 4: Overview of proposed LRP-PFed DRL.

how our adaptive mechanism automatically assigns more per-
sonalized layers to servers with more distinctive local patterns.

2) LRP-PFed DRL Algorithm: After determining the optimal
splitting points using LRP analysis, we integrate this layer
selection mechanism into the FL process. The complete algo-
rithm, referred to as LRP-based Personalized Federated (LRP-
PFed) DRL, is illustrated in Algorithm 2 and Fig. 4.

As shown in Fig. 4, the training process operates in episodes.
Each episode begins with parallel local training at all MEC
servers, where both the MH-Q network and MH-target network
are updated following Algorithm 1. At the end of each episode
(after e × T time steps), the federated aggregation process is
triggered with the following steps:

Step 1: Request Distribution Exchange. Each MEC server
uploads its local historical request vector {d̄em,c}c∈C to the
CCS. The CCS computes the global request distribution Pe

G

and broadcasts it back to all servers.
Step 2: Dynamic Layer Selection. Using the local distribu-

tion Pe
m and global distribution Pe

G, each server independently
determines its splitting point l∗m(e) through LRP analysis
and adaptive thresholding. This divides the network into base
layers LB

m(e) = {1, 2, . . . , l∗m(e) − 1} and personalized layers
LP
m(e) = {l∗m(e), . . . , L}.
Step 3: Selective Parameter Sharing. Each MEC server

uploads only its base layer parameters {θem[l] : l ∈ LB
m(e)}

to the CCS. The CCS performs weighted aggregation over the
union of all uploaded base layers

⋃
m LB

m(e):

θeG[l] =

∑
m:l∈LB

m(e) Dm(e) · θem[l]∑
m:l∈LB

m(e) Dm(e)
, ∀l ∈

⋃
m

LB
m(e),

where Dm(e) represents the request volume at server m during
episode e. This weighting scheme follows the same principle as
sample-size-based aggregation in supervised FL: servers with
higher request volumes have observed more state-action pairs
(equivalent to training samples in supervised learning) and
thus possess more reliable parameter estimates. By weighting
according to request volumes, we ensure that the global model
benefits more from servers with richer observations while
reducing the influence of servers with limited training data.

Step 4: Model Update. The aggregated base layers are
broadcast back to all servers, which update their corresponding

Algorithm 2 LRP-PFed DRL for Edge Caching

Input: Number of episodes E, steps per episode T , and scaling
factor λ, basesp.

Output: Personalized DRL models for all MEC servers.
1: Initialize MH-DDQN models {θ0m, θ̄0m} for m ∈ M;
2: for episode e = 1, . . . , E do
3: for each MEC server m ∈ M parallel do
4: /∗ Local training at MEC Servers
5: Train models θem, θ̄em for T steps using Alg. 1;
6: Upload historical request vector d̄e

m to CCS;
7: Calculate local and global distribution Pe

m, Pe
G;

8: Calculate threshold Spem based on Eq. (21);
9: Randomly sample an action, calculate LRP scores

{LRPe
m(l)}l∈L and cumulative ratios {CLRP e

m(l)}l∈L
based on Eq. (18) and (22);

10: Determine split point l∗m(e) based on Eq. (23);
11: Divide layers into set LB

m(e) and LP
m(e);

12: Upload {θem[l] : l ∈ LB
m(e)} to CCS;

13: end for
/∗ Global Aggregation at CCS

14: for each base layer l ∈
⋃

m LB
m(e) do

15: θeG[l] =
∑M

m=1 w
e
mθem[l], where aggregation weight

we
m =

∑
c∈C d̄e

m,c∑
m′∈M

∑
c∈C d̄e

m′,c
;

16: end for
/∗ Model Update at MEC Servers

17: for each MEC server m ∈ M parallel do
18: for each layer l ∈ LB

m(e) do
19: θem[l] = θ̄em[l] = θeG[l];
20: end for
21: Keep layers l ∈ LP

m(e) unchanged;
22: end for
23: end for

base layers while keeping personalized layers unchanged.
Importantly, the LRP computation occurs only once per

episode before each communication round, introducing minimal
computational and communication overhead.

C. Algorithm Analysis and Discussion

Our LRP-PFed algorithm introduces minimal computational
overhead compared to conventional federated DRL approaches.
The LRP analysis requires a single backward pass through the
network with O(L · Θ) operations, where Θ represents the
average number of parameters per layer. Since this computation
occurs once per episode (every T time steps), the amortized
per-step overhead is O(L·Θ)

T , which becomes negligible as
T ≫ 1 in typical DRL settings. The local training com-
plexity remains unchanged at O(L · Θ) per gradient update,
while aggregation complexity reduces from O(M · L · Θ)
to O(M · l̄∗ · Θ) where l̄∗ is the average splitting point
across servers. The total computational overhead per episode is
O(L·Θ)+O(T ·L·Θ)+O(M · l̄∗ ·Θ), dominated by the training
cost O(T ·L ·Θ), making LRP overhead practically negligible.
Additional memory requirements are minimal at O(L+C) per
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server for storing relevance scores and request distributions,
compared to model parameters O(L ·Θ).

Beyond computational efficiency, our LRP-PFed algorithm
also offers privacy advantages. While standard FL provides a
baseline of privacy by keeping raw data local, sharing model
updates can still be vulnerable to inference attacks. Our partial
sharing mechanism inherently mitigates this risk. By transmit-
ting only a subset of generic layers and retaining personalized
layers locally, we reduce the information exposed to potential
adversaries, which makes it more difficult to infer sensitive
information from the shared parameters. Although our method
enhances privacy, robust security often requires dedicated pro-
tocols that are orthogonal to the learning algorithm. For future
work, our framework could be integrated with advanced mech-
anisms, such as the blockchain-based reputation management
system [42] or differential privacy mechanism [43], [44], to
further enhance security without changing our algorithmic core.

V. PERFORMANCE EVALUATION

In this section, we conduct extensive experiments to evaluate
the performance of our proposed approaches.

We consider a system consisting of five MEC servers (M =
5), each handling heterogeneous content requests from users
within its coverage area. To simulate the heterogeneous local
environment, we adopt the MZipf distribution with different
plateau factors qm and Zipf factors km across MEC servers.
Additionally, we configure different user densities within the
coverage areas of the MEC servers to represent another aspect
of heterogeneity. The content sizes range from 1 to 8 GB,
with payment cost varying between 0.03 and 0.55 HKD per
content. The MH-DDQN architecture in our implementation
consists of 6 hidden layers with 128 neurons per layer. The
input and output dimensions are both 3C, where C represents
the number of content in the system. All DRL algorithms
are implemented using PyTorch 1.8 framework. The detailed
simulation parameters are summarized in Table I [1].

A. Performance Evaluation of MH-DDQN Algorithm

1) Compare with Other DRL Methods: In this subsection,
we set the number of content to 50 and evaluate the effec-
tiveness of the proposed MH-DDQN algorithm for a single
MEC server. Since traditional DQN [13] cannot handle the large
action space, we compare our MH-DDQN with two baseline
methods: 1) MH-DQN [1], which uses a similar multi-head
structure but based on DQN, and 2) PPO [16], an actor-critic

TABLE I: Simulation Parameters

Parameter Value

Plateau factors of MZipf qm [100, 200, 90, 40, 80]
Zipf factors of MZipf km [0.60, 0.60, 0.75, 0.90, 0.90]

Downloading cost of contents ϕc 0.05∼0.55 HKD
Updating cost of contents χc 0.03∼0.45 HKD

Learning rate ξ 0.003
Update coefficient τ 0.005
Discounted factor γ 0.99

Scaling factor λ 0.5

TABLE II: Effect of reward function weights.

Weight Parameter CHR Payment Cost AoI

ω1 only 0.963 5.395 2.952
ω2 only 0.244 1.317 1.488
ω3 only 0.181 1.588 1.221

Multi-objective 0.518 2.037 1.663

based DRL method that generates continuous action policy and
requires an additional sampling process.

Fig. 5 presents the learning curves of these three meth-
ods regarding overall system utility and its four components.
The results demonstrate that the multi-head structure-based
approaches significantly outperform the PPO method, with
MH-DDQN achieving the best performance. Specifically, MH-
DDQN converges to a higher system utility of approximately
0.6, compared to 0.5 for MH-DQN and −0.1 for PPO.

In terms of individual metrics, MH-DDQN achieves the high-
est CHR of 0.52, outperforming MH-DQN at 0.48. PPO shows
unstable performance with CHR dropping to 0.25, mainly
due to its action discretization process when sampling from
continuous policy. For payment cost, MH-DDQN and MH-
DQN both stabilize around 2.2, while PPO incurs higher costs
at 3.1. Similarly, MH-DDQN maintains the lowest AoI at 1.8,
comparable to MH-DQN, while PPO fluctuates between 2.5
and 3.0. All methods effectively minimize constraint violation
penalties to below 0.1. However, MH-DQN and PPO show
higher policy entropy fluctuations, indicating unstable learning
dynamics.

2) Effect of Weights in Reward Function: To investigate how
different weight combinations in the reward function affect
the system performance and guide policy learning, we conduct
experiments with four different weight settings, including three
single-objective scenarios and one multi-objective scenario.
Table. II presents the results in terms of three sub-objectives.

When focusing on optimizing CHR (ω1 only), the algorithm
achieves the highest CHR of 0.963, but at the cost of excessive
payment cost of 5.395 and a high AoI of 2.952. This is
because the policy prioritizes maintaining a large number of
content to maximize CHR, leading to frequent cache operations
and updates that incur high operational costs. Similarly, when
only considering payment cost minimization (ω2 only), the
system maintains a low caching cost at 1.317, but sacrifices
cache efficiency with a CHR of only 0.244. The AoI-oriented
optimization (ω3 only) yields the lowest content staleness of
1.221 but results in suboptimal performance in both CHR
of 0.181 and cost of 1.588. In contrast, our proposed multi-
objective weight setting achieves a balanced performance across
all metrics. Although it may not outperform single-objective
scenarios in their respective targeted metrics, it maintains
reasonable performance levels with a CHR of 0.518, payment
cost of 2.037, and AoI of 1.663.

B. Performance Evaluation of LRP-PFed DRL

Next, we extend MH-DDQN to a multi-server environment
to explore the overall system performance. We evaluate the
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Fig. 5: Performance comparison of MH-DDQN, MH-DQN, and PPO algorithm.

performance of the proposed LRP-PFed DRL by comparing it
with three learning-based algorithms and three traditional non-
learning caching approaches, as described below.

Learning-based methods: i) Fully-Fed: A conventional
FDRL framework without the personalized layers. All model
parameters will be uploaded for aggregation; ii) Non-Fed: A
conventional DRL framework without the FL paradigm. Each
MEC server runs its own MH-DDQN model without communi-
cation; iii) Fix-PFed [1]: A personalized FDRL framework in
which all MEC servers upload fixed, predetermined base layers
for aggregation throughout all communication rounds.

Non-learning-based methods: iv) LRU [45]: A heuristic
approach where the least recently used contents are replaced
whenever the cache is full; v) LFU [45]: A heuristic approach
where the least frequently used contents are replaced based on
access frequency; vi) Random: A baseline strategy in which
contents are cached randomly.

1) Convergence Performance: Fig. 6 illustrates the conver-
gence behavior of our proposed method in comparison to Fully-
Fed and Non-Fed approaches. Overall, our method demon-
strates superior and stable convergence, reaching the highest
system utility of approximately 0.7 and maintaining consistent
performance after convergence. The Fully-Fed achieves better
performance than the Non-Fed method but falls short of our
solution, converging to around 0.5. This limitation can be
attributed to the homogenization of actions across all agents
due to complete parameter sharing, which fails to accommodate
local heterogeneity in user feedback and content preferences.
The Non-Fed exhibits significant performance instability and
converges to the lowest system utility, with large fluctuations
around 0.3. This inferior performance arises from insufficient
local user feedback for training.

2) Effect of LRP: In this subsection, we analyze how the
LRP can help select layers for our LRP-PFed. The LRP values
are calculated by the Python library [46]. Fig. 7 presents the
LRP values distribution across network layers for each MEC
server. The LRP analysis across five MEC servers reveals
consistent patterns in how different network layers contribute
to the final caching decisions. A clear pattern is that the
input layer and first hidden layer show relatively low LRP
values, indicating that the initial processing of state vectors
contributes less significantly to the final decisions. This sug-
gests these layers primarily encode and transform the raw state
information. Moving deeper into the network, we observe a
consistent increase in LRP values. The middle hidden layers
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Fig. 6: Convergence comparison of learning-based methods.

(#2 and #3) show moderate relevance, suggesting their role in
feature extraction and preliminary decision-making. The final
hidden layer and output layer demonstrate the highest LRP
values, indicating their crucial role in synthesizing previous
layer information for final action selection. The increasing
values of LRP correspond to the idea that deeper layers in
a neural network play a more crucial role in the decision-
making process, while the earlier layers concentrate on feature
extraction and learning representations. This analysis of rele-
vance by layer offers valuable insights for improving model
interpretability and optimization in the future.

Next, we compare the system utility achieved by our LRP-
PFed and Fix-PFed on different number of personalized layers.
The x-axis in Fig. 8 shows different numbers of personalized
layers (0-6) for fixed strategies, while the last column repre-
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Fig. 8: Performance comparison with Fix-PFed on different
numbers of personalized layers.

sents our proposed LRP-based approach. Among all fixed-layer
strategies, personalizing 2 layers achieves the best performance
with a system utility of approximately 0.57, followed by 3
layers at around 0.55. This indicates that neither too few nor
too many personalized layers lead to optimal performance.
Our proposed LRP-based approach achieves superior perfor-
mance at around 0.62 compared to all fixed-layer strategies.
This demonstrates the effectiveness of dynamically selecting
personalized layers based on LRP analysis during training.

Another significant advantage of our approach is its compu-
tational efficiency in finding optimal personalized layers. While
fixed-layer approaches require multiple training runs (up to 6
times) to identify the optimal number of layers to personalize,
our method automatically adjusts the number of base layers for
each MEC server during a single training process. The adaptive
nature of our approach allows different MEC servers to upload
different numbers of base layers in each communication round,
based on their individual LRP patterns. This flexibility enables
the system to better adapt to local characteristics and dynamics,
improving overall performance.

These results validate that LRP-based layer selection pro-
vides better performance and training efficiency than fixed per-
sonalization strategies while offering the additional benefit of
automaticity in finding optimal personalization configurations.

C. Performance under Different System Settings

We compare the performance of our proposed algorithm
with other baseline methods under different system settings,
including the number of content, the storage size of the MEC
servers, and the average number of users. These experiments
demonstrate the scalability and adaptability of our method
across various scenarios.

1) Scalability analysis: Fig. 9(a) illustrates the system utility
as the number of content items C is varied from 60 to 100. A
general downward trend in utility is observable for all methods,
which reflects the increased difficulty of learning a caching
policy within a larger and more complex action space.

Our proposed LRP-PFed framework consistently yields the
highest system utility, starting at 0.54 and decreasing to 0.44 at
C = 100, demonstrating its superior performance and robust-
ness as the problem scale increases. The Fully-Fed approach

ranks second, with its utility declining from 0.41 to 0.34. The
performance gap between LRP-PFed and Fully-Fed highlights
the advantages of our personalized layer-sharing mechanism.

A more significant degradation occurs to the Non-Fed ap-
proach, whose utility decreases from 0.35 to 0.19. This decline
is particularly notable as C exceeds 80. The underlying reason
is the growing sparsity of user requests in a large content
library, which hampers the ability of isolated local models to
learn reliable patterns. Consequently, the utility of LRP-PFed
is over 130% higher than that of Non-Fed when C = 100,
indicating the critical need for collaboration. The non-learning
baselines (LRU, LFU, Random) consistently exhibit the lowest
performance, with their utilities all converging to values around
or below 0.10, confirming their inefficiency in this setting.
Fig. 9(b) presents a performance comparison of six algorithms
as the cache size of each MEC server varies from 45 GB to 65
GB. From the results, we can observe that the proposed LRP-
PFed algorithm consistently outperforms all baseline methods
across different storage sizes, achieving the highest system
utility that increases from 0.45 to around 0.65. The Fully-Fed
approach ranks second, showing a similar increasing trend but
with lower system utility values, reaching approximately 0.55
at 65 GB storage. The Non-Fed method demonstrates moderate
performance, with system utility improving from 0.3 to 0.56.
Notably, when the storage size reaches 65 GB, it can be seen
that the Non-Fed approach surpasses the Fully-Fed. This is
because the larger storage capacity enables each MEC server to
interact with more cache feedback in each round, thereby better
learning the local model. In contrast, the Fully-Fed approach
suffers from performance degradation due to its neglect of
heterogeneity among MEC servers, resulting in homogenized
actions that fail to adapt to local characteristics. Non-learning
based methods like LRU, LFU, and Random show relatively
poor performance, with utility remaining below 0.35 regardless
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Fig. 9: Performance comparison under different system settings.
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of storage size increases.
Fig. 9(c) presents the system utility performance of the

caching algorithms as the average number of users per MEC
server is varied from 10 to 30. The results show that the utility
of most algorithms declines as the number of users increases.
Our proposed LRP-PFed algorithm consistently outperforms
all baseline methods, with a slight decrease in system utility
from 0.62 to 0.59 as the user population grows. The learning-
based methods generally exhibit higher utility than the non-
learning-based methods. An interesting observation is that the
system utility of the Non-Fed baseline initially increases and
then decreases as the average number of users grows. This is
because, with a larger user base, the Non-Fed algorithm can
use more requests and feedback to enhance its caching strategy.
However, the overall performance of Non-Fed remains lower
than that of LRP-PFed and Fully-Fed, indicating the substantial
benefits provided by the server communication, especially when
the number of users in the server region is relatively small.

Fig. 9(d) demonstrates the system utility as the number of
MEC servers is varied from 5 to 25. The performance of the
non-collaborative methods, including Non-Fed and the non-
learning baselines (LRU, LFU, Random), remains largely stable
across the range of servers, exhibiting only minor random
fluctuations. For instance, Non-Fed’s utility consistently hovers
around 0.4. This is an expected outcome, as these methods op-
erate in isolation. Since the local request workload is constant,
increasing the number of servers in the system provides no
additional information for these isolated agents.

In contrast, the two collaborative frameworks, LRP-PFed and
Fully-Fed, both demonstrate significant performance improve-
ments as more servers participate in the learning process. This
is because a larger number of servers contributes to a larger
knowledge pool for aggregation, allowing the models to learn
more generalized and effective caching policies. Specifically,
the utility of our proposed LRP-PFed increases from approxi-
mately 0.56 (5 servers) to 0.63 (25 servers). Similarly, Fully-
Fed’s utility grows from around 0.51 to 0.59.

Throughout this scaling experiment, our LRP-PFed method
consistently outperforms the standard Fully-Fed approach, fur-
ther validating the effectiveness of our personalized aggregation
mechanism. Additionally, it is noteworthy that the performance
gains for both collaborative methods begin to plateau as the
number of servers surpasses 15. This suggests that once enough
models are participating in the aggregation, the marginal benefit
of adding more servers’ knowledge becomes less significant.

2) Adaptability analysis: To evaluate the adaptability of our
proposed LRP-PFed algorithm under varying environmental
conditions, we construct different system heterogeneity levels
by simulating diverse content popularity distributions across
edge servers. The heterogeneity level is quantified as the
average KL divergence between each edge server’s local con-
tent request distribution and the global distribution, calculated
using Eq. (17). We categorize three heterogeneity levels: Low,
Medium and High, representing increasing degrees of content
popularity divergence across edge servers. Fig. 10 presents
the system utility performance of four learning-based methods
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Fig. 10: Performance under different heterogeneity levels.

under different heterogeneity levels.
First, the Non-Fed approach demonstrates relatively stable

performance across all heterogeneity levels, achieving system
utilities of approximately 0.44, 0.40, and 0.42 for low, medium,
and high heterogeneity level, respectively. This consistency
stems from its reliance solely on local observations without any
inter-server communication, making it insensitive to system-
wide heterogeneity variations but consistently achieving the
lowest performance among all federated approaches.

Besides, under low heterogeneity conditions where con-
tent request patterns are relatively homogeneous across edge
servers, our LRP-PFed algorithm achieves comparable per-
formance to Fully-Fed. This near-optimal performance occurs
because our adaptive thresholding mechanism in Eq. (19)
automatically encourages edge servers to share more layers
when local-global distribution divergence is minimal, effec-
tively leveraging the benefits of knowledge sharing. The Fixed-
PFed approach achieves slightly lower performance at 0.61,
representing an 8.7% decrease compared to Fully-Fed, due to its
inability to dynamically adjust the amount of shared knowledge.

As system heterogeneity increases, the performance gap be-
tween our method and alternatives becomes more pronounced.
In the medium heterogeneity level, LRP-PFed maintains supe-
rior performance at 0.64, outperforming Fixed-PFed by 7.8%
and Fully-Fed by 25.5%. Under high heterogeneity conditions,
this advantage further increases, with LRP-PFed achieving
0.60 compared to Fixed-PFed at 0.51 and Fully-Fed at 0.46,
achieving 17.6% and 30.4% improvement, respectively. The
significant performance degradation of Fully-Fed demonstrates
the limitations of uniform model aggregation when local envi-
ronments exhibit distinct characteristics.

All FL-based algorithms experience performance decline as
heterogeneity increases, but with notably different degradation
rates. LRP-PFed shows the most graceful degradation, declining
only 10.4% from low to high heterogeneity scenarios, com-
pared to Fixed-PFed’s 16.4% decline and Fully-Fed’s 33.3%
decline. This demonstrates our algorithm’s superior adaptabil-
ity to environmental heterogeneity through its dynamic layer
personalization mechanism.

VI. CONCLUSION

In this paper, we proposed the LRP-PFed DRL approach for
multi-server proactive caching, effectively tackling three key
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challenges: immense action space, unknown content popularity,
and heterogeneous content requests. We utilized a multi-head
structure to reshape the DDQN’s output layer, making the ac-
tion output space scale linearly with the number of contents. We
further proposed a layer-wise personalized federated training
architecture. Based on the LRP-guided layer-splitting rules,
each MEC server uploads only the base layers to the CCS
for aggregation, while retaining the personalized layers locally.
This balance leverages the benefits of collaborative knowledge
sharing and allows individual MEC servers to adapt to their
local content popularity.
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