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Mobile-Edge Networks
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Abstract—The widespread adoption of computation- and
communication-intensive applications, such as object detection,
VR/AR, and telemedicine, has significantly alleviated trans-
mission pressure on backbone networks and improved user
experience. However, efficiently managing and computing these
tasks on user sides remains a significant challenge, particularly
under resource-constrained conditions. To address this problem,
we propose a new service caching decision method based on deep
dueling double Q-network (D3QN) by employing a learnable
policy to handle the unknown task requests and determine
the optimal caching strategies. Additionally, the limited stor-
age capacity of edge servers (ES) is mitigated by forwarding
the resource-intensive or infrequently requested tasks to the
cloud data centers (CDC). The channel selection problem is
modeled as a multiuser game and a distributed method is
developed to achieve the Nash Equilibrium (NE). Simulation
results demonstrate that the proposed method outperforms the
existing benchmarks, showcasing its effectiveness in managing
complex, dynamic environments.

Index Terms—Channel selection, computation offloading, deep
dueling double Q-network (D3QN), mobile cloud-edge coopera-
tive computing, service caching.

I. INTRODUCTION

HE DEPLOYMENT of  computation- and

communication-intensive tasks, such as object detection,
virtual reality/augmented reality (VR/AR), and telemedicine,
has been extensively adopted on user devices, driven by
the continuous evolution of mobile internet technologies
and the widespread proliferation of mobile devices [1].
These tasks exhibit distinct resource demands, such as,
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object detection relies heavily on GPUs and NPUs for
computation, VR/AR requires both high computational power
and communication bandwidth for real-time processing, and
telemedicine emphasizes storage resources to manage large-
scale medical data. Since these applications alleviate lots of
transmission pressure on backbone networks and improve
the user experience [2], [3], their diverse and dynamic
resource requirements introduce significant challenges for
computation offloading and resource coordination [4],
[5], [6], [7], [8]. Despite the advancements in high-
performance computing chips accelerating the computation
ability, effectively managing these heterogeneous tasks
remains a critical research focus in the field of computation
offloading. In fact, the goal of managing large-
scale tasks on user sides is to enhance the system
energy efficiency and reduce the overall task execution
latency [9], [10]. Although lots of tasks are deployed
on user sides, some substantial data still needs to be
transmitted, including the task-required data and task metadata
(e.g., the execution environment dependencies). This allows
the users to send requests to service without the need to
reupload task metadata to edge server (ES). A straightforward
solution involves adopting a CDN-like concept by caching task
metadata on user-side servers, referred to as ESs, a mechanism
known as service caching. However, executing large-scale
tasks across multiple ESs often results in competition
for computational resources, significantly degrading task
execution efficiency and leading to low resource utilization.
Such inefficiency further exacerbates the imbalance in resource
usage. Consequently, determining when to cache data and
how to coordinate tasks has emerged as a critical focus in
the field of computation offloading. Current research employs
a cloud-edge-device architecture to efficiently orchestrate
tasks, allocating computationally intensive tasks to appropriate
layers and, within those layers, to optimal computing
nodes.

The decision-making processes for computation offloading
and service caching within the three-layer cloud-edge-
device architecture are inherently nonlinear and significantly
influenced by the dynamically changing system environ-
ment [14]. The nonlinearity of these processes, combined
with the dynamic nature of the system environment,
results in high computational complexity and limited
generalization performance for traditional optimization-based
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approaches.  Consequently,  deep-reinforcement-learning
(DRL) has garnered attention in the field of computation
offloading due to its capability to make efficient decisions
in complex and dynamic environments while exhibiting
a degree of robustness [17]. DRL serves to control the
selection of computing nodes for service caching and to
determine service update actions. Additionally, considering
the multichannel nature of communication links and the
interference between channels, selecting an appropriate
channel for data transmission is critically important.
Therefore, under resource-constrained conditions, there exists
a coupling relationship between computation offloading,
service caching, and data transmission, making the realization
of collaborative optimization from a global perspective a key
challenge.

In this article, we propose a service caching decision method
based on the deep dueling double Q-network (D3QN) by
utilizing a learnable policy to handle the unknown user task
requests and determine the optimal service caching strategy.
Additionally, the ES forwards the resource-intensive or infre-
quently requested tasks to CDC with larger storage capacity
and in fact it has limited storage resources. So, we apply
D3QN to address the joint optimization of service caching
and channel selection in the dynamic edge environments.
The formulated problem involves interdependent decisions and
adaptability to the changing system conditions. We model
the channel selection problem as a multiuser game and
develop a distributed method to solve the Nash Equilibrium
(NE). Unlike the traditional approaches which rely heavily
on the fixed heuristics or static assumptions, our method
integrates service caching and channel selection decisions
(CSD) within a scalable and real-time framework. Simulation
experiments demonstrate that the D3QN method outperforms
the benchmark approaches, highlighting its potential and
effectiveness.

The principal contributions of this article are summarized
as follows.

1) We propose a novel D3QN-based service caching deci-
sion method that dynamically handles the user task
requests and optimizes the caching strategies in a
resource-constrained multitier architecture.

2) A multiuser channel selection algorithm is developed by
the NE theory to address the data transmission challenge
under interference conditions.

3) The experiments validate the efficiency and robustness
of our approach and showcase significant improvements
in energy efficiency and latency reduction compared to
the existing methods.

4) Our proposed method highlights the scalability and
adaptability to enable the effective resource management
in dynamically evolving environments.

This article is structured as follows. Section II
marizes the related work. Section III describes the
MEC network architecture and the process of task
offloading. Section IV provides a detailed explanation of
the proposed method. Section V discusses the experi-
mental analysis and results. Section VI concludes this
article.

sum-
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II. RELATED WORK

In this section, we examine the related research on joint
computation offloading and service caching, categorizing
existing work into two main approaches: 1) traditional
optimization algorithms and 2) DRL methods.

A. Conventional Optimization Methods

A number of studies employ multiobjective or heuristic
algorithms to tackle the coupled problems of service caching
and computation offloading. In [15], a many-objective evo-
lutionary approach (enhanced NSGA-III) is developed to
jointly optimize computation offloading and service caching in
MEC. Although this method effectively addresses dimensional
explosion in multiobjective scenarios, it can be slow for
large-scale real-world deployments. Cheng et al. [16] adopted
a dynamic programming-based caching algorithm combined
with a matching strategy for task offloading in vehicular-
edge computing (VEC) networks, but the overall complexity
remains high.

Cooperative and community-based frameworks also appear
in the literature. For example, Liao et al. [12] introduced
a two-stage approach wherein base stations are clustered
into communities based on service-type similarity before
a cost-based service caching and offloading algorithm is
applied. Container-based systems receive special attention
in [19], which formulates a nonlinear integer programming
(NLIP) model to achieve globally optimal offloading and
caching decisions, explicitly considering container startup
times. Similarly, [21] leverages physical-layer full-duplex
capabilities to jointly optimize caching and offloading, high-
lighting interference management and resource allocation in
full-duplex-enabled MEC networks.

Other works target domain-specific extensions. In UAV-
assisted scenarios, [22] combines trajectory planning,
offloading, caching, and migration into a single framework
using classical optimization techniques, whereas [24] proposes
a two-layer optimization algorithm for secure offloading
and caching in reconfigurable-intelligent-surface (RIS)-
assisted networks. Mobility and coverage concerns are
tackled in [33], which employs a genetic algorithm to place
and update caches based on user location and orientation,
and [37] addresses secure offloading and caching through a
nonconvex problem formulation in open wireless channels.
Further examples include [38], which optimize offloading
and caching for UAV-based systems by incorporating
user preferences and security constraints. Lastly, [39]
proposes a vehicle-assisted cooperative caching system
(VaCo), using multiswarm collaborative optimization to
minimize service failure rates and costs in highly dynamic
VEC.

These conventional approaches successfully reduce energy
consumption, latency, or both by leveraging analytical
modeling, multiobjective evolutionary algorithms, and
domain-specific optimizations. However, their reliance
on comprehensive system knowledge and often high
computational complexity can limit real-time adaptability in
large-scale or fast-changing edge environments [28].
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Fig. 1. System model.

B. Deep-Reinforcement-Learning-Methods

DRL has been widely adopted to address complex
optimization problems in dynamic and nonlinear environ-
ments, particularly in the context of computation offloading
and resource allocation. For instance, [18] employs dueling
deep Q-networks (DDQN) to explore large action spaces
and improve computational efficiency, while [26] integrates a
meta-reinforcement learning (meta-RL) framework with DRL,
introducing the MR-DRO algorithm for efficient offloading
decisions. In [20], a deep Q-network (DQN) approach is used
to minimize computational costs, and [27] leverages DQN to
predict task popularity, dynamically adjusting service caching
and computation offloading decisions to reduce system latency.
Dual DQNs are employed in [23] for sequential subtask
offloading in mobile vehicular environments, whereas [25]
models server selection as a Markov decision process via
DRL. Beyond focusing solely on either computation offloading
or resource allocation, recent research increasingly explores
joint optimization of service caching and offloading in MEC.
For example, the LSTM-DDPG-based offloading strategy
combined with a distributed hash table (DHT) for edge
service caching was proposed in [28], effectively controlling
algorithmic complexity despite the enlarged action space.
Similarly, the dual-timescale DTTD3 scheme for multiUAV-
assisted MEC systems was introduced in [29], updating service
caching at a larger timescale while managing offloading
and resource allocation at a smaller timescale to balance
latency and energy consumption. A dynamic caching approach
based on the 0-1 knapsack model was employed in [30] to
handle directed acyclic graph (DAG) tasks, wherein DDPG is
used for offloading decisions, facilitating efficient coordination
among ESs with limited cache capacity. Meanwhile, the
authors presented a hierarchical DRL framework that splits
the service caching and computation offloading decisions
between multiple edge agents (using DQN) and a cloud agent
(using SAC) in [31], thereby adapting to the multilayered
edge—cloud environment. Finally, the authors combined DRL
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with convex optimization techniques to form a hybrid soft
actor—critic (SAC) scheme in [32], separately optimizing
service caching and computation offloading, thus maintaining
strong convergence and accuracy in high-dimensional action
spaces.

From the above, DRL-based methods have significantly
enhanced the decision-making in both service caching
and computation offloading by improving convergence and
adaptability. However, some challenges like Q-value overesti-
mation and achieving rapid convergence in dynamic settings
still need to be addressed. Existing approaches to computation
offloading and service caching often encounter scalability and
adaptability challenges in rapidly changing environments. To
address this gap, we propose a D3QN-based framework that
integrates service caching with a channel selection mecha-
nism inspired by the interference-aware strategies presented
in [21] which although not originally designed for channel
selection, effectively accounts for intersignal interference—
to manage multiuser competition and dynamic system
fluctuations.

III. SYSTEM MODEL

In this section, we first present the system model of
MEC. Subsequently, the channel selection and service caching
model are outlined with a focus on the QoE model while
considering the energy consumption constrained by the service
latency.

As depicted in Fig. 1, we tackle the optimization problem of
channel selection and service caching within the cloud-edge-
end architecture, which involves MUs, an ES, and a CDC. The
communication between MUs and ES occurs via a wireless
channel through a tiny base station, while the communication
between ES and CDC takes place through a wired channel
provided by optical fibers. The service repository is deployed
on the CDC, and the ES downloads services from this
repository to update the ES’s cache space. When the MUs
offload tasks to the ES or CDC, they only need to transmit
the data required for processing, as the ES or CDC already
has the necessary services for those tasks. Due to the limited
cache space available at the ES, which cannot accommodate
all services, some of the computational tasks are forwarded
to CDC with larger cache capacities for processing. Similar
to [33] and [34], we assume that each MU’s current task must
be completed within the current time slot.

The MUs are denoted as U4 = {1,2,...,u,..., U}, and
the tasks are represented as K = {1,2,...,k,...,K}.
Additionally, the system operates over T fixed-length time
slots, which is defined as 7 = {1,2,...,t,...,T}. It should
be noted that we assume each MU selects a task from the
set I to determine whether it should be offloaded. The task
offloading decision (TOD) vector of MU u at time slot ¢
is defined as &,(r) € {0, 1}, where &,(f) = 0O indicates the
task is executed locally and £,(r) = 1 indicates the task is
offloaded to the ES. Note that if there is no corresponding
service on ES, the task will be transferred to CDC for further
processing.
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Each task k € KC can be represented as (D, Ix, Sk), where
Dy denotes the memory size occupied by the corresponding
service of task k, I represents the input size of task k, and Sk
indicates the computational power required to execute task k
(i.e., the CPU cycles needed). Let ,BIEt) € {0, 1} denote whether
the service for task & is cached, referred to as the service cache
decision (SCD). When ,B,Et) = 0, it signifies that the service is
not cached; when ,3,?) = 1, it means that the service is cached.
The memory size of the ES is defined as C, and its caching
capacity satisfies

Y D <C VreT.
kek

(D

The updating services decision (USD) on ES at time slot ¢
is denoted as p,&l) € {—1,0, 1}, where p,ﬁ’) = —1 and ,3,5’) =1
indicate the removal of the service from the ES at time 7+ 1,
,olgt) = 0 and ,B,Et) = 1 indicate that the service will continue
to be cached, ,o,it) =0 and ﬁ,it) = 0 indicate that the service
is not cached by the ES, and p,it) =1 and ,3]?) = 0 indicate
that the service will be cached by the ES at time ¢+ 1.

A. Network Model

In the proposed three-tier framework, each MU has com-
munication with the ES via a wireless channel, and the ES
has communication with the CDC through a wired channel
facilitated by optical fibers.

1) Communication Between MU and ES: We assume
the total available bandwidth from the MU to ES
is evenly divided into N orthogonal wireless channels,
N =1{1,2,...,n,...,N}, with each MU restricted to using
a single channel to interact with the ES. This orthogonal
channel allocation strategy ensures that there is no interference
between users utilizing different orthogonal channels within
the same time slot. In this article, the CSD of all users in
time slot ¢ are denoted by n; = {n1,1, 12,45 - -+, Nusts - - - > MUt}
where 7n,; = 0 indicates that MU u completes the task
locally. n,, = n € N indicates that the MU u chooses the
channel n to offload its task to the ES. The code division
multiple access (CDMA) technology allows multiple mobile
users to transmit data simultaneously on the same spectrum
resources. According to this model, the uplink transmission
rate of mobile user u during time slot ¢ is defined by Shannon’s
formula

n

. qu8y _ ) )
8%+ 2 vy 1Y
where W}, is the channel bandwidth between the MU u and the
ES, 8% denotes the power of the background noise, g, is the
transmission power of the MU u, and g¢, is the transmission
gain of MU u, which depends on the distance between the ES
and the MU.

2) Communication Between ES and CDC: The ES com-

municates with CDC via fiber optics, and the transmission rate
in time slot 7 is denoted by r .

re=W, log2<1 +
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B. Computation Model

The system allows tasks to be executed locally, on ES, or
on CDC. Only when a corresponding service is cached on ES
can a task be executed on ES; otherwise, it will be offloaded
to CDC. Similar to previous studies [25], [33], we do not
consider the overhead of MUs checking for cached services
at the ES, as this overhead is minimal.

1) Local Computation: When MU u performs task k&
locally, the computational capability (CPU cycles per second)
of MU u is denoted as f; k. The task must be completed within
the current time slot, therefore the CPU frequency must satisfy
fek = Sk/t, where T represents the duration of the time slot.
According to [36], the energy consumption increases as the
frequency of MU u squared. Hence, the energy consumption
of MU u carrying out task k can be expressed as

Ey=¢ - (fur) Sk 3)
where ¢ is a coefficient.

2) Cloud Offloading: 1f MU U offloads task k to the ES and
the ES does not have the service for task k cached, the inputs of
task k are uploaded through ES to the CDC. According to [14],
the ES is required to download the service from the repository
at each time slot . However, obtaining services can be time-
consuming, especially during peak times. Therefore, similar
to [11] and [13], we prohibit the ES from remotely accessing
the repository without first caching the services; instead, it
directly sends tasks from ES to CDC. Let f.(fo > fex Vk €
K) represent the computational capacity of CDC. The task
delay on CDC can be represented as

“

The first part pertains to the task execution delay, while
the second and third parts represent the data transmission
delay. In order to ensure completion within the current time
slot ¢, it is necessary for the delay to satisfy D} . < . The
transmission energy consumption of MU u transmitting task k
can be expressed as

Iy Iy
E = pef = 4 2K
e rlll,(f r(l;,C

where py refers to the transmission power. Due to the reliable
power supply of CDC, we do not take into account the energy
consumption of computing tasks in these facilities.

3) Edge Offloading: When MU offloads task k to the ES
for execution in time slot ¢, and the ES has already cached
the service for task k, only the input data of task k needs
to be uploaded, and then the ES can directly process task k.
Therefore, the execution delay can be represented as

(&)

Sk Iy

_— _I_ —_
fe r;,g
where f, is the computing capacity of the ES. The execution
delay D!, , should also satisfy D! , < t.

u,e

D, = (©6)
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Additionally, the transmission energy consumption is given
by

t Ii Sk
Eu,e = Pk,trans —— + Pk,exe (7
Tue Jfe

where py rans refers to the transmission power, while py exe
represents the execution power.

C. Problem Formulation

Our goal is to minimize the energy usage of MUs while
ensuring that task latency constraints are met. According to
the computation offloading model described above, the energy
consumption of MUs at the time slot # can be expressed as

E'if =0 and £ =0
E= Y ({E,ifn,#£0ad&’ =k =1
velkeK | Bl if nys # 0 and &7 =k, B =0

where SLSI) = 0 indicates the task is executed locally, resulting
in no need for transmission to a remote location and thus
nu.r = 0. If the task is offloaded to the ES, the user decides
to offload the task to the ES (S,Et) = k), selects a channel to
transmit data (n,, # 0), and checks if the ES has cached
the service corresponding to the task (ﬂ,gt) = 1). In cases
where the ES has not cached the service corresponding to the
task (ﬂ,@ = 0), it further offloads the task to CDC, requiring
selection of a channel for data transmission as well (1, ; # 0).
So, the opyimization problem can be formulated as

T
1

- 1- _ E 9
min i 735 v
st Y DB <C VieT (10)

kelC
BV =B 4 o0 vieTvkek (1)
P+ B0 =0 VieT Vkek (12)

D,,<t VkeKYVuel (13)

D, .<t VkeKYVuel (14)
o € {~1,0,1} VieT Vkek (15)
Mt €{0,1,...,N} YueldVteT (16)
BY =1{0,1} Vkek (17)

where (10) represents the restriction on the memory capacity
of ES. Constraint (11) delineates the SCD. Constraint (12)
specifies that the ES is prohibited from removing services that
have not been previously cached. Constraints (13) and (14)
ensure that the task delay does not exceed the duration of
the time interval. Constraint (15) is the USD. Constraints (16)
and (17) address the computational options for tasks, where
nur = 0 indicating the task k execution locally, n,; = n and

;” = 1 suggest that the task & is offloaded to the ES through
the channel n, and n,,; = n and ﬂl(f) = 0 indicating that the task
k is offloaded to the CDC due to insufficient service caching
of ES.
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IV. SOLUTION METHODS

To solve the problem in (9), we decompose the original
problem into two smaller subproblems: optimizing the service
cache strategy and improving the channel selection scheme.
Specifically, we first established a service caching policy using
an MDP model, and then solved the problem using the DQN
algorithm. To address the issue of overestimating Q-values
and improving learning efficiency, we introduced the D3QN
algorithm. Finally, we modeled the channel selection problem
as a multiuser game and developed a distributed algorithm to
determine the NE solution.

A. D3ON

The double DQN cannot accurately use the state value V
and advantage value A, leading to inaccurate results [35].
To solve this problem, the D3QN algorithm reconfigures the
network structure by dividing the output layer into two parts:
one for calculating the state value function V, and the other
for calculating the action advantage function A. Therefore, the
formula for Q value is as follows:

A 1 A
q(st, ar, 61) = V(st, 0r) + (A(St, ar, 6r) — A Z A(sy. a, 91‘))
aeA

(18)

where the action space A, with size |A|, and the state at
time slot ¢ denoted as s;, along with the parameters of the
neural network represented by 6;. The state value function
is given by V(s;, 6;), while the advantage value function is
denoted as /Al(s,, a;, 0;). However, despite employing DDQN,
which still utilizes the DQN method for updating state val-
ues, it suffers from the same bias maximization issue as
DQN and may potentially lead to overestimation of state
values.

D3QN uses a dual network architecture to estimate state
values. This includes an evaluation network and a tar-
get network, with the evaluation network responsible for
selecting the next action, and the target network addressing
the overestimation problem by updating the parameter 6,
as shown in Fig. 2. Additionally, D3QN incorporates the
DDQN’s network structure between the last hidden layer and
output layer, introducing the state value function V(s;, 6;)
and advantage value function A(st, as, 0;). Here, V(s;, 0;) is
dependent on state s;, whereas A(s,,a,, 0;) is influenced by
both state and action. This approach enables D3QN to more
accurately evaluate each action and provide precise state
value.

B. Service Cache Update Algorithm Based on D3QN

The key to solving the problem in (9) lies in obtaining
the CSD #; and the optimal USD p;. We decompose the
objective (9) in time slot ¢ as follows:

T
|
tr})ltn Tll)moo?;Et (19)
s.t. (10)—(14). (20)
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Fig. 3. Architecture of the proposed AOF-DNN.

In order to facilitate the resolution of problem (19), we
first determine the optimal SCD B,y for time slot ¢ + 1.
Subsequently, we derive the USD p; for time slot ¢ based on the
equation ,BI?'H) = ,o,?) + ,8,8). The formulation of the optimal
service caching state problem can be written as

T
1
min lim — E 21
Brv1 TQOOT; ! ( )
st Y D <C VieT (22)
kelC
B e 0,1} Vkek. (23)

We convert the problem (21) into a Markov decision
process, where ES acts as the agent, and the state space, action
space, and reward function can be summarized as follows:

1) State Space: The state s; at time slot 7 is given as & =
{El(t), Ez(t), ol LE’), e El(})}. In this context, s;ﬁ” = 0 indicates
that the MU u has no request, while é,ft) = k signifies that the
MU u requests to execute task k. Note that we utilize random
functions to simulate £ in this article.

2) Action Space: The action a; at time slot ¢ represents the
caching decision for services, denoted as a; = B;+1(Br+1 €
{0, 1}). Each bit in B4 indicates whether a specific service
will be cached on the ES in the next time step ¢t + 1:
Bi+1 = 1 signifies that the corresponding service will be
cached, while 8,41 = O signifies that the service will not be
cached.

3) Reward Function: We strive to minimize energy usage,
which conflicts with the objective of maximizing cumulative
discounted rewards in DRL. As a result, the value of the
objective function should be inversely related to the reward
value. The agent is rewarded based on its current state and
corresponding action at time slot 7. In order to reduce transmis-
sion energy consumption for task offloading, the immediate
reward is defined as r;41 = —E;41.

The objective of D3QN is to acquire the MU request & and
forecast the optimal SCD for the next time slot based on user
requests & in the current time slot. To enhance the accuracy of
state value, we decompose the calculation of the Q-value into
two components: the state value V(s;, 6;) and the advantage
value A(s,,a,, 0;). Additionally, to address high-dimensional
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action space resulting from service heterogeneity and improve
the learning efficiency of D3QN, we introduce a novel DNN
design known as action output fusion (AOF). The AOF
architecture dynamically integrates caching operations using a
two-layer structure at the output layer, as depicted in Fig. 3.
In AOF-DNN, MUs’ task requests & serve as input to the
DNN, with both state value V(s) and advantage value V (s, a)
incorporated between the last hidden layer and output layer.
The computation of Q-value for each action is outlined in (18),
enabling derivation of each action’s value through state values
and advantage values via the D3QN algorithm for more precise
results. Moreover, we utilize a two-layer architecture (TLA)
as the output layer of the AOF-DNN to expedite the con-
vergence of D3QN, as shown in Fig. 3. The first layer of
TLA comprises K neurons, with each neuron corresponding
to task K. Denoting the output of the first layer as ¢, =
(q(st, ar), q(ss, a2), - .., q(st, ag)), where q(s;, ag) represents
the partial state-action value for task k in service caching.
The second layer of TLA consists of only one neuron without
an activation unit, which outputs the weighted sum of all
(ss, ax). We represent the weights connecting the first and
second layers in the output layer as L = (L1, Ly, ..., Lg),
where Lk is specifically associated with connecting the k-th
unit in the first layer to the second layer. To identify g(s;, ax)
for a specific action a;, we assign the value of a; to Ly, i.e.,
Ly = Bk € K, B{™" € {0, 1}). Subsequently, the DNN
computes this weighted sum of g(s;, ax) to produce Q-value
for action sequence Ay, i.e., Q(S;, A;) = Zfil /31-(t+l)q(s,, a;).

As illustrated in Fig. 2, the ES employs a §-greedy strategy
to cache services during the training phase at the end of time
slot ¢, where the probability of caching services randomly is
1 —§, and the probability of caching services based on A} =
arg max, Q(S;, a;, 0;) is 1 — 4.

When the task requests & of MUs are input into
the evaluation network, the AOF-DNN produces the pre-
dicted state-action value using a greedy strategy, denoted
as Q(S:,As, 6;). The expected state-action value is then
derived using the target network according to the specific
formula

Q(Stv At’ 91_) = Rf+1 + yQ(Sl? arg m;lx Q(Sh At’ 0[_), 91‘_>
(24

where y € {0, 1} is the discount factor, 6,” is the network
parameter of the target network, and arg max, Q(S;, A;, 6, ) is
provided by the target network.

During the D3QN inference phase, & is fed into the
DNN, and the initial layer of the AOF-DNN output layer
generates q; = (q(ss,a1), q(st, az), ..., q(st, ag)). As each
ay consumes a specific amount of memory in ES and ES’s
memory is limited, determining the optimal caching state at
t+1 involves finding maxg, , | lli 1 ,Bi(t+ )q(st, a;). This optimal
caching state problem can be expressed as follows:

max

25
Br+1 (23)

U

1
2 ,3,‘([+ )CI(Styai)
i=1
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st. Y DV =C vieT (26)
kekC
BT e 0,1}, @7)

The problem described in (25) is a typical knapsack problem
as discussed in [40]. We employ a dynamic programming
approach to determine the optimal solution. To do thus, we
introduce a K x C matrix ¢, where ¢, (K, C) records the max-
imum caching value under different capacities and ¢,(K, C)
records the decision on whether to cache the corresponding
service.

The detailed computational complexity analysis for the
above D3QN algorithm can be found in the Appendix.

C. Multiuser Channel Selection Algorithm

Up to this point, we have been able to identify the optimal
service caching decision 8; for all users within any time slot,
given any CSD 7, and user TOD &. By replacing S/ in the
problem (9), it can be converted into a multiuser channel
selection problem

K
min () =} E; (28)
! k=1

s.t.  (16) and (17). (29)

where n, = {1,026, NUh Nue(w € U) has N+ 1
choice values. Addressing problem (28) poses challenges
due to its reliance on combinatorial optimization within a
multidimensional discrete space {0, 1,2, ..., N}.

In this game, the set of MUs U represents the player
community in the game, and each MU u has its own strategy
space W, ; to make TODs. The goal of MU u is to minimize
its energy consumption I';(n,) at time step ¢.

Specifically, the multiuser game G is given by

G={U, {‘I’u,t}ueu’ Ce(n1)).

In this game, each MU u independently chooses its
optimal CSD 75, ;, aiming to achieve the minimum energy
consumption. Let n,- ; = {911, m2,1» s Nu—1,6> Nut-1,85 - - > MUt}
represents the CSD of all other users except MU u. The MU
u is able to independently select its optimal CSD 5} in order
to minimize energy consumption, given 7, ;

(30)

U:,t = arg %1? Ft(ﬁu—,ta 77u,t)- 3D

Therefore, the goal of the multiuser game is to find the NE,
that is nf = {ni"[, ’7;,[’ ey Mups -5 My, In other words, at
time slot ¢, no user can further reduce their computational cost
by adjusting their decisions. In other words, Ft(n;‘;,,, r;:,‘ z) <
(M.t ’7:—,1) YuelU, nu; € VY, thus achieving the NE
solution. In this game, if the cost of computing the task locally
is greater than the cost of offloading the task to ES, MU u
would be more inclined to choose offloading the task to ES.
Only when ES does not have the corresponding service will
ES send the task to CDC for processing

(1 - /318))E,t4,c,k + B Ejpese < Ejie (32)
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By substituting formulas (3), (5) and (7) into (32), we derive

Pk— + (1 - /3(0)171(— <s(fe, k) Sk
Te.c

ME

(33)

and

s (fex) Sk_<1—/3(t)) rI—zO.

e,c

(34)

That is, the energy consumption of the task when executed
locally is greater than the energy consumption of the task
during network transmission between the ES and CDC. To
ensure that each user can efficiently make CSD, we define
an interference threshold yi: = ), <10\ (i) 9v8Y» Which satisfies
the following inequality

Vit = Z avgy
Veu\{“}»’lu,t=77v,1
D8 N8y _
T\ awg(s(en2se — (1 - B i)
_ o2 (35)

If the received interference satisfies the inequality (35), the
task will be offloaded to the ES through the selected channel
to reduce the computational cost; otherwise, the task will be
executed locally.

To find the optimal CSD and achieve the NE, we construct
a potential function ¢(n;), which is formulated as

U

P(n) = %Z > uglavglI (s = mv.)I(nu; > 0)
u=1veld\{u}
U
+ D qugVal (e = 0) (36)
u=1
where
V= Mf”‘ —o% (37

2We(§(f/k) Si— (l—lslit))l’k%)

This potential function ¢(n;) can reflect the impact of
each user’s strategy change on the overall system energy
consumption. By minimizing the potential function, we can
find the optimal CSD and achieve NE.

Algorithm 1 iteratively and dynamically adjusts the CSD
of each MU, ultimately achieving a solution that satisfies all
users (i.e., a NE solution). During the iteration process, the
algorithm iteratively solves (13), (14), (16), and (17) while
computing each user’s available TOD set W, ; in conjunction
with B/ ;. The optimal CSD n, , is also determined by mini-
mizing I'y(ny, —s, Nu,r). Subsequently, each MU’s current CSD
Nu,r is compared with the optimal CSD n;; . If a more effective
CSD is identified, denoted by n;; , # 1,,r, the user will request
an update from the ES. The ES randomly grants authorization
to one user to update their CSD in response, while those
not authorized maintain their current decisions. If no update
requests are received, the ES sends an END message. This
iterative process continues until an END message is received,
which ensures that all users achieve satisfactory CSD.
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Algorithm 1 Multiuser CSD Based on 8 ;

1: Initialization: n, = 0

2: for each MU u do

3: Measure the interference yx

4: Determine the strategy space W, ;

5: > Select the optimal CSD

6: UZ,t = arg minm” Ce(Mu,—t> M)

7: > The optimal CSD differs from the current CSD
8: if 0}, , # 1y, then

9: Send a task to the ES to update its USD

10: if an optimal decision is received then
11: > Update the MU’s CSD to the optimal value
12: Nu,t = 77;:,1
13: end if

14: end if

15: if an END message is received then

16: Terminate the process
17: end if

18: end for

19: return n;

TABLE I
SYSTEM PARAMETERS AND THEIR VALUE SETTINGS

System parameters Value setting

Number of ESs [20, 45]
Number of tasks [40, 80]
Number of MUs 2000

ES’s cache size : C [3, 15] GB
CPU capability of ES 20 GHz
Imam 8

D max 8

T 300 ms
Experience replay memory size: £ 1000

V. PERFORMANCE EVALUATION

This section evaluates the performance of the proposed
method. It commences with a description of the simulation
scenarios and parameter settings, followed by an analysis of
the obtained results.

A. Simulation Setup

The considered scenario encompasses a cloud server, an
ES, and multiple MU within a 1000 m x 1000 m square
area [41]. Consistent with [42] and [43], the channel gain
model is represented as hu, t) = w, ;d, ", where d;" denotes
the distance between MU u and the base station. The input
data size for each task, denoted as I, ranges uniformly
from 1 MB and I,,x MB. The service size, denoted as
Dy, is randomly chosen between 1 GB and Dp,x GB. The
simulation parameters are chosen based on the MEC network
configurations [43], [44]. The main simulation environment
settings are summarized in Table 1.

We assess the effectiveness of our proposed method by
contrasting it with the following benchmark approaches.
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Fig. 4. Convergence comparison of different methods.

1) Double DON [31]: An offline policy DRL algorithm
that begins by collecting the interaction experiences
with environments, storing them in an experience pool,
and then extracting the sample data for training the Q
network.

2) Dueling DDQON: To address the potential overestimation
issues during DQN training, DDQN introduces two Q
networks to enhance the learning stability.

3) DDPG [30]: An actor—critic DRL algorithm that utilizes
separate networks for policy (actor) and value estima-
tion (critic), enabling the continuous action spaces and
improving the decision-making stability.

4) A3C: A distributed reinforcement learning algorithm that
asynchronously trains the multiple parallel agents to
update a shared global model, accelerating convergence
and improving robustness in the dynamic environments.

The evaluation network is configured with a learning rate of

1073, a discount factor of 0.95, and a target network update
rate of 0.01. It consists of two hidden layers with 300 and 400
neural neurons, respectively. The mini-batch size is set to 128,
and the replay buffer has a capacity of 1000 entries.

B. Experimental Results

Fig. 4 demonstrates the convergence performance of the
proposed D3QN algorithm compared to baseline methods,
such as DoubleDQN, DuelingDQN, DDPG, and A3C. The
proposed D3QN algorithm exhibits a rapid improvement in
average reward during the initial 2000 training cycles. It
then stabilizes after minor fluctuations, achieving superior
convergence performance at a lower level of energy consump-
tion. In contrast, DoubleDQN and DuelingDQN show slower
convergence, requiring nearly 3000 cycles to stabilize, with
greater fluctuations and lower stability throughout the training
process.

The D3QN algorithm amalgamates the strengths of
DoubleDQN and DuelingDQN, which enhances the precision
of action-value estimations and mitigating estimation errors.
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By leveraging the improved state and advantage value func-
tions, D3QN achieves faster training velocity and better
convergence. This efficiency translates into significant reduc-
tions in energy consumption compared to other methods.
Furthermore, the incorporation of DDPG and A3C in the eval-
uation underscores the robustness of D3QN, as it consistently
outperforms these advanced algorithms, especially in scenarios
with dynamic and complex environments.

Fig. 5 depicts the variations in average energy consumption
per time slot for six different algorithms as the number of
tasks in the task repository increases. It is evident that the
average energy consumption per time slot increases with
the number of tasks for all schemes, except for the Non-
ES offloading scheme. This increase results from a growing
variety of user task requests, which reduce the accuracy of
service predictions and the reusability of cached services at
the ES. Consequently, more tasks are processed at the CDC,
resulting in increased energy consumption. Furthermore, the
figure underscores the superior energy consumption man-
agement capabilities of the proposed scheme compared to
other schemes. For example, when there are 40 tasks, the
proposed scheme achieves a 17% energy saving compared
to top baseline algorithms (such as DoubleDQN). This sub-
stantial reduction in energy consumption stems from the
proposed D3QN algorithm’s enhanced ability to predict MU
task demands accurately. Additionally, with the inclusion
of DDPG and A3C in the comparison, it is evident that
while these advanced algorithms perform well, they still
exhibit higher energy consumption due to their limited adapt-
ability to diverse task distributions and dynamic caching
demands. In contrast, the D3QN algorithm consistently
demonstrates superior performance by leveraging its precise
action-value estimations and efficient caching strategies,
achieving lower energy consumption even as task diversity
increases.

The results depicted in Fig. 6 demonstrate that the aver-
age energy consumption per slot for all schemes decreases
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with increasing cache size, except for the Non-ES offloading
scheme. This decline can be attributed to the larger cache sizes
at the ES, which enable them to store extra services. As a
result, the hit rate of tasks requested on ES has improved,
which allows more users to perform tasks at a lower cost.
When the cache size is sufficiently large to accommodate all
task software (exceeding 15 GB), all schemes demonstrate
similar performance. In such cases, ES servers are able to
cache all task software in the task repository, enabling MUs
to carry out tasks via local computing or ES without having to
send tasks to the CDC for processing. However, the caching
capacity of ES is often constrained in real-world systems,
which may prevent the storage of all services. Specifically,
our proposed method can save about 60% of energy compared
to DoubleDQN when the cache size is 6 GB. Moreover, the
DDPG and A3C in the comparison highlights that while these
advanced algorithms show better energy management than
some baseline methods, they are still outperformed by the
proposed D3QN algorithm. DDPG and A3C are less effective
at leveraging limited cache capacity to optimize energy effi-
ciency, whereas D3QN dynamically adjusts caching strategies
and task distribution, ensuring superior energy savings even
under constrained caching scenarios.

Fig. 7 illustrates a rise in average energy consumption
across four schemes with an increasing number of MUSs.
With the cache memory of ES remaining constant, the grow-
ing MUs necessitate greater reuse of cached services. The
proposed scheme (represented by the green line) consistently
demonstrates lower energy consumption throughout the entire
range of MUs, highlighting its efficiency in cache resource
management and prediction mechanisms. Specifically, at MU
= 25, the proposed scheme achieves approximately 19.31%
energy savings compared to the best-performing scheme
(DoubleDQN). The DQN algorithm exhibits a notable surge in
energy consumption when the MU count reaches 45, indicating
deficiencies in cache management and task prediction under
extreme conditions. With the addition of DDPG and A3C, the
comparison further highlights the advantages of the proposed
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D3QN algorithm. While DDPG and A3C exhibit improved
energy management over traditional algorithms like DQN,
they are less effective at maintaining energy efficiency as the
number of MUs increases. In contrast, D3QN’s robust caching
and prediction strategies enable it to adapt to the increasing
number of MUs while consistently achieving superior energy
savings, even under high user density scenarios.

Fig. 8 illustrates that the proposed D3QN algorithm con-
sistently achieves the lowest average delay across various
task quantities when compared to DoubleDQN, DuelingDQN,
DQN, DDPG, and A3C methods. The enhanced action-value
estimation in D3QN enables more accurate service caching
and offloading decisions, demonstrating its efficiency in man-
aging higher task loads. While DDPG and A3C show moderate
improvements over traditional algorithms, they still exhibit
higher delays due to less effective service prediction and
task allocation mechanisms. In contrast, D3QN’s dynamic
decision-making process ensures minimal delay even as task
quantities increase.
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As shown in Fig. 9, the D3QN method significantly
outperforms other algorithms in reducing average delay
across different ES caching capacities. The results indicate
that D3QN effectively leverages available cache resources
to optimize task processing, whereas DoubleDQN and
DuelingDQN show moderate improvements, DQN exhibits
minimal benefits from increased caching capacity, and DDPG
and A3C struggle to adapt to constrained caching scenarios.
D3QN’s superior caching strategies enable it to make efficient
use of limited ES resources, minimizing delay even when
caching capacity is restricted.

Fig. 10 compares the average delay experienced by different
numbers of mobile users. The D3QN algorithm maintains
the lowest and most stable delay, showcasing its robustness
and scalability. In contrast, DoubleDQN and DuelingDQN
face higher delays with fluctuations, and DQN demonstrates
substantial delays as the number of users increases, high-
lighting its limitations in handling larger user bases. DDPG
and A3C exhibit improved stability compared to traditional
algorithms but are outperformed by D3QN, which dynamically
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adapts to the increasing number of mobile users, maintaining
consistently low delays even under high user densities.

VI. CONCLUSION

In this article, we have explored the service caching-aided
computation offloading issue aimed at enhancing the QoE at
edge networks. In order to improve the QoE while considering
the energy consumption constraints, we continuously take
into account the influential factors, such as caching capacity,
computational capabilities, and channel conditions. Due to
the complexity of our proposed QoE-based service caching
decision process, we have proposed an enhanced D3QN
algorithm based on DQN model to identify the optimal service
caching mode. By implementing a TLA, our method can
enhance the stability of edge networks. Additionally, we also
employ a multiuser game model to determine the optimal
channel decision-making strategy. The experimental results
show that our proposed approach achieves better performance
compared to the baseline algorithms.

Future work will focus on two promising directions to
further enhance and expand the proposed method. First,
we plan to investigate the multiagent reinforcement learning
approaches to replace the channel selection optimization with
intelligent agents, thereby avoiding the need for complex
optimization theory. This direction has the potential to sim-
plify the decision-making process and improve the scalability
in multiuser environments. Second, we aim to explore the
application of deep streaming reinforcement learning in mobile
edge networks. Unlike D3QN, deep streaming reinforcement
learning offers a more computationally efficient training mech-
anism which is better suited for the resource-constrained edge
devices, making it particularly valuable for the real-world
deployment in edge networks.

APPENDIX
COMPUTATIONAL COMPLEXITY ANALYSIS FOR D3QN

The computational complexity of the D3QN algorithm can
be analyzed in two phases: 1) training and 2) inference.
Below, we provide a detailed discussion of each phase and
compare the complexity of D3QN with other benchmark
algorithms, including DQN, DoubleDQN, DDPG, and
A3C.

A. Complexity of the Deep Neural Network

The backbone of D3QN algorithm is based on a deep
neural network (DNN) which processes the input state
and output Q-values for each action. The computational
complexity of a DNN is determined by the number of
layers, the number of neurons per layer, and the opera-
tions required for forward and backward propagation. For
a DNN with L layers, where each layer has n neurons,
the computational complexity for a single forward pass is
approximately O(n?L). During backpropagation, the gradient
computation doubles the complexity, resulting in O(2n2L).
This complexity is shared across all algorithms that rely
on DNNs, including DQN, DoubleDQN, DDPG, A3C, and
D3QN.
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B. Training Phase Complexity

In the training phase, the D3QN employs two DNNs:
1) an evaluation network and 2) a target network, similar to
DoubleDQN. However, the dueling architecture adds a state
value stream and an advantage stream to the DNN’s output
layer. This modification does not significantly alter the overall
complexity per forward and backward pass, but introduces
a small overhead, due to the additional computation of the
Q-value as a combination of the state value and advantage
values. The complexity per training iteration for D3QN can
be expressed as

0<2n2L> 2= 0<4n2L> (38)
where the factor 2 accounts for the evaluation and target
networks.

Additionally, the D3QN uses prioritized experience replay,
which introduces overhead for maintaining and sampling from
the prioritized buffer. The complexity of sampling from the
buffer is O(logN), where N is the buffer size. Updating
priorities after each training step also adds a complexity of
O(log N). The complexity per training iteration for D3QN can
be expressed as

0(4n2L +log N). (39)

In comparison:

1) DON: Uses a single network and a uniform replay
buffer, with a training complexity of O(2n’L).

2) DoubleDQON: Uses two networks but without the
Dueling architecture or prioritized replay, resulting in
O(4nL) for training.

3) DDPG: Employs two networks (actor and critic) without
a replay buffer, resulting in a training complexity of
O(4n*L). The actor network determines actions, while
the critic network evaluates them, requiring gradient
updates for both networks.

4) A3C: Uses two networks (actor and critic) and performs
parallel updates across P threads, resulting in a training
complexity of O(2Pn’L). Parallelism accelerates train-
ing but introduces additional overhead for asynchronous
gradient updates.

C. Inference Phase Complexity

In the inference phase, all algorithms use only the evaluation
network for action selection. Since only a forward pass is
required, the computational complexity is O(n’L) for all
algorithms, including D3QN. This phase is computationally
efficient and identical across different approaches, as the
architecture of the evaluation network is comparable.
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