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Abstract—In mobile cloud computing, traditional frameworks
often treat mobile devices as passive data collectors, relying heavily
on centralized cloud centers for model processing. This centralized
approach limits data-processing accuracy and efficiency due to
bandwidth constraints, communication latency, and limited com-
putational utilization of mobile devices. Furthermore, as mobile
applications increasingly require real-time, personalized services,
these limitations restrict model adaptability and responsiveness,
emphasizing the need for a distributed approach that can dynam-
ically adjust to varying service demands and network conditions.
This paper proposes FLOM (Framework-Level Self-evolution Op-
timization Model), a novel framework designed to support au-
tonomous, adaptive model optimization across multi-terminal sys-
tems. Unlike traditional methods, FLOM leverages the computa-
tional capacity of mobile devices to enable on-site model updates
and intelligent data allocation through a collaborative network
of cloud and mobile nodes. FLOM incorporates deep reinforce-
ment learning for dynamic model evolution, allowing real-time
adaptation across terminals. By utilizing model information from
each device, FLOM achieves balanced self-evolution, optimizing
processing accuracy and system resilience. The framework intro-
duces three major innovations: (1) Self-adaptive Model Evolution
by utilizing mobile terminal resources to locally update models,
FLOM reduces dependence on centralized data centers, ensuring
faster, context-aware adjustments that enhance real-time service
delivery; (2) Intelligent Resource Allocation supporting real-time,
task-targeted distribution to enhance fault tolerance and system
efficiency, FLOM effectively allocates resources to handle diverse
service needs across terminals; and (3) Collaborative Optimiza-
tion by integrating model characteristics from multiple terminals,
FLOM enables unified, system-wide optimization that improves
model robustness and adaptability. Experimental results show that
FLOM significantly improves data accuracy, reduces processing
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time, and enhances fault tolerance compared to traditional frame-
works, making it a robust and versatile solution for real-time,
adaptive mobile cloud applications.

Index Terms—Mobile cloud computing, big data analysis,
reinforcement learning, self-evolution approach, service proce-
ssing.

I. INTRODUCTION

IN RECENT years, mobile cloud computing has become a
focal point for researchers aiming to expand the capabilities

of cloud computing by incorporating mobile devices as active
computing resources. While traditional cloud computing primar-
ily leverages centralized cloud servers for data processing and
storage, this model often relegates mobile devices to a passive
role, limiting them to data collection and remote communication
with cloud centers. Current mobile cloud architectures, there-
fore, typically rely on mobile devices to collect and transmit raw
data to centralized cloud data centers, where computationally
intensive models are applied to process and analyze the data.
However, such a structure introduces multiple constraints. The
heavy reliance on centralized processing significantly hampers
real-time data analysis and adaptive service delivery, primarily
due to limitations such as bandwidth constraints, communication
latency, and an under-utilization of the computational resources
available on mobile devices [1].

The rapid proliferation of mobile applications requiring real-
time, personalized services has further underscored these limi-
tations, emphasizing the need for frameworks that can respond
instantaneously to changing conditions and user-specific needs.
In fields ranging from healthcare to autonomous driving, ap-
plications demand highly adaptive processing capabilities that
traditional centralized cloud architectures are ill-equipped to de-
liver. Network bandwidth limitations and communication delays
inherent in these architectures hinder their ability to provide the
low-latency, responsive processing essential for real-time appli-
cations. Furthermore, while the processing power and storage
capabilities of mobile devices have advanced significantly, these
resources remain largely untapped in traditional frameworks,
resulting in a substantial inefficiency that limits the potential of
mobile cloud computing to meet modern application require-
ments [2].

This paper introduces FLOM (Framework-Level Self-
evolution Optimization Model), a novel distributed framework
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designed to overcome these limitations by enabling autonomous,
adaptive model evolution across multi-terminal systems within
a mobile cloud environment. Unlike conventional methods that
offload all computational tasks to the cloud, FLOM utilizes deep
reinforcement learning to empower mobile devices to conduct
on-site model updates, intelligent data allocation, and adap-
tive processing. By coordinating the computational resources
of cloud centers with those of mobile devices, FLOM facili-
tates real-time, context-aware service delivery that dynamically
adapts to diverse user needs and environmental conditions. This
distributed approach not only addresses the drawbacks of band-
width dependency and latency but also maximizes the computing
potential of mobile devices, making it suitable for applications
requiring high adaptability and responsiveness.

Existing mobile cloud architectures commonly operate in
an offline mode, where data is collected on mobile devices
but processed centrally on cloud servers. While this approach
expands mobile computing capabilities, it disconnects data col-
lection from real-time processing, preventing the framework
from adapting models based on live data. In addition, many
mobile cloud systems lack a targeted task allocation mechanism,
leading to random task assignment and limited ability to handle
different service types with varying requirements. As a result,
such frameworks face difficulties in improving model accuracy
and efficiency in processing dynamic data streams [3], [4],
[5]. FLOM, however, addresses these limitations by forming
a collaborative network of cloud and mobile nodes, wherein
each device performs context-specific updates and resource
optimization, resulting in a framework that enhances the pre-
cision, adaptability, and scalability of mobile cloud computing
environments.

The contributions of this paper are threefold. First, Self-
adaptive Model Evolution empowers mobile devices to up-
date models locally, reducing dependence on centralized cloud
data centers. This localized update mechanism enables rapid,
context-sensitive model adjustments, which are critical for de-
livering real-time services. Second, Intelligent Resource Allo-
cation ensures that tasks are distributed efficiently across multi-
ple devices based on real-time demand and device availability,
thus enhancing system-wide fault tolerance and data-processing
efficiency. Finally, Collaborative Optimization facilitates the
integration of model parameters across devices, allowing each
mobile terminal to contribute to a holistic optimization of the
framework. This approach not only improves model robustness
but also ensures that FLOM can maintain a high level of accuracy
and resilience under varying network conditions.

The primary contributions of this study are detailed as follows:
1) Exploiting mobile device computational power: FLOM

harnesses the processing resources of mobile devices for
model training and updates, moving beyond the con-
straints of centralized cloud reliance. This enables real-
time adaptation and more efficient use of the full compu-
tational spectrum available in mobile cloud environments.

2) Self-evolution of dynamic models: By employing deep
reinforcement learning, FLOM autonomously updates and
evolves lightweight data models on mobile devices. This
dynamic adaptation of models ensures that they remain

responsive to new data and evolving service requirements,
achieving a seamless model self-evolution process.

3) A distributed framework for multi-terminal processing
and optimization: FLOM enables efficient task classifica-
tion, resource allocation, and data processing across cloud
and mobile nodes. This distributed approach addresses the
interaction and optimization challenges inherent in mobile
cloud computing environments, facilitating a cohesive and
scalable system architecture.

The rest of this paper is organized as follows. Section II
provides a comprehensive overview of related work and high-
lights the gaps that FLOM aims to address. Section III presents
the research questions and formalizes the specific challenges
tackled in this study. Section IV elaborates on the FLOM sys-
tem architecture and the methodologies developed to address
the identified challenges. Section V discusses the experimental
setup and presents the results that validate the effectiveness of
the proposed framework. Finally, Section VI concludes the paper
and outlines potential directions for future research.

II. RELATED WORK

The rapid proliferation of mobile cloud computing (MCC)
has catalyzed significant advancements across diverse domains,
such as autonomous driving, healthcare, and smart IoT systems.
MCC integrates distributed computing paradigms, including
mobile edge computing (MEC), which emphasizes processing at
the network’s edge, closer to data sources, and mobile intelligent
computing (MIC), which leverages AI-driven inference within
mobile devices. Together, these approaches aim to achieve low-
latency, adaptive, and resource-efficient computation by balanc-
ing workloads between mobile devices and cloud resources. De-
spite these advancements, several challenges persist, including
the heterogeneity of devices, dynamic network conditions, en-
ergy efficiency constraints, and stringent privacy requirements.
Researchers have developed a spectrum of strategies, ranging
from deep neural network (DNN) partitioning and adaptive
inference to federated learning (FL) and joint optimization
frameworks, to address these challenges. While these strategies
have yielded valuable insights, the need for a unified and scalable
framework remains. This section systematically categorizes and
evaluates key contributions, limitations, and emerging trends
to identify pathways for developing robust and adaptive MEC
systems.

Static DNN Partitioning and Resource Allocation: Static
DNN partitioning has long been foundational in addressing com-
putational constraints by distributing tasks between resource-
constrained mobile devices and edge servers. Ye et al. [6]
explored cooperative edge inference through an end-to-end de-
lay minimization approach, combining DNN partitioning with
resource allocation to achieve low-latency, multi-device opti-
mization. Wang et al. [7] effectively enhances task allocation
and execution efficiency in mobile edge computing, while signif-
icantly reducing delay and energy consumption with data privacy
preserved. Chen et al. [8] proposed a Personalized Federated
Deep Reinforcement Learning-based computation offloading
and resource allocation method (PFR-OA), which adapts to the
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dynamic MEC environment and personalized demands in smart
communities, significantly improving task execution success
rate while reducing delay and energy consumption. These static
approaches provide a solid foundation for distributed computa-
tion but struggle in dynamic, heterogeneous environments where
device capabilities and network conditions vary unpredictably.
This limitation highlights the need for dynamic inference sys-
tems that adapt to real-time changes, ensuring consistent perfor-
mance in complex, rapidly evolving MEC scenarios.

Adaptive and Dynamic Inference: Dynamic inference frame-
works have emerged as a vital evolution of static methodologies,
offering real-time adaptability to address diverse environmen-
tal changes. Hu et al. [9] introduced a digital-twin-assisted
framework for dynamic collaboration between devices and edge
servers, optimizing DNN inference workflows in AIoT sys-
tems. Yang et al. [10] focused on accelerating inference for
directed acyclic graph (DAG)-based DNNs through edge-cloud
collaboration, enhancing the deployment of computationally
intensive models in distributed environments. Wang et al. [11]
proposed AdaEvo, a system enabling continuous DNN evolution
by dynamically adapting models to changing data distributions.
Liu et al. [12] presented MoEI, a mobility-aware inference
framework integrating model partitioning and service migra-
tion, ensuring low-latency performance during user mobility. Li
et al. [13] introduced an adaptive and resilient model-distributed
inference system that dynamically adjusts to varying network
conditions and device capabilities. Agarwal et al. [14] optimized
user scheduling, task offloading ratio, and flight parameters in
UAV-assisted mobile edge computing networks under large task
scenarios. Peng et al. [15] optimized latency, energy consump-
tion, and task overtime issues in smart factory tasks within the
Industrial Internet of Things while ensuring data privacy and
communication security. Wang et al. [16] improved training ef-
ficiency by incorporating prior knowledge to enable reward-free
resource allocation, significantly enhancing the generalization
and interpretability of intelligent models in vehicular networks.
Zhou et al. [17] effectively improved scheduling performance
in energy consumption, load balancing, and rejection rate by
optimizing server deployment at user cluster centers and enhanc-
ing the network architecture of the soft actor-critic algorithm.
Yang et al. [18] explored selfish acceleration techniques for
on-demand DNN partitioning, enhancing resource utilization
efficiency. Wu et al. [19] addressed intermittently operating
devices by proposing joint optimization techniques that dynam-
ically adjust model partitioning and resource allocation. These
studies highlight the potential of dynamic inference to meet the
demands of modern MEC systems. However, they often focus on
isolated device optimization, underscoring the need for unified
frameworks that coordinate adaptations across distributed nodes
for enhanced scalability and system-wide optimization.

Federated Learning and Distributed Intelligence: Federated
learning (FL) has gained prominence for enabling privacy-
preserving distributed intelligence by facilitating collaborative
model training across multiple devices. Gao et al. [20] intro-
duced latency-aware FL strategies for industrial IoT applica-
tions, optimizing resource allocation to improve training effi-
ciency. Zhao et al. [21] applied FL to satellite-assisted MEC

through a federated deep recurrent Q-learning model, addressing
task partitioning and resource allocation in resource-constrained
remote environments. Li et al. [22] utilized Stackelberg game
theory in UAV-enabled MEC, balancing user incentives with
resource efficiency to enhance device participation. Hasan
et al. [23] tackled challenges in vehicular edge computing by
leveraging FL for robust task offloading and resource manage-
ment in high-mobility scenarios. Huang et al. [24] focused on
optimizing FL convergence through efficient topology manage-
ment, achieving faster model synchronization across heteroge-
neous devices. Mendez et al. [25] reviewed FL architectures,
identifying computational bottlenecks and offering insights into
distributed optimization strategies. Zhao et al. [26] explored
strategies to mitigate communication overhead in vehicular FL,
enhancing its applicability to real-time scenarios. While FL
has made significant strides, challenges such as high synchro-
nization latency and managing device heterogeneity persist,
emphasizing the need for robust cross-device coordination to
support large-scale, dynamic MEC environments.

Joint Optimization Frameworks and Multi-Agent Systems:
Joint optimization frameworks and multi-agent systems have
emerged as key solutions to the complex interplay of resource
allocation, computation offloading, and energy efficiency in
MEC. Deng et al. [27] combined UAV trajectory optimization
with resource allocation to enhance service quality in MEC-
enabled AI applications. Xiao et al. [28] developed a multi-agent
reinforcement learning (MARL) framework, optimizing energy
efficiency and resource utilization in heterogeneous MEC en-
vironments. Pang et al. [29] extended MARL methodologies
to ultra-dense MEC networks, achieving reliable task offload-
ing under fluctuating conditions. Zhang et al. [30] proposed
a multi-edge collaborative active video acquisition framework
that uses reinforcement learning to select high-quality and non-
redundant video data for continual learning, effectively reducing
training data volume while maintaining model accuracy. Zou
et al. [31] reduced cold starts by intelligently reusing containers
and leveraging the advantages of cloud and edge server resources
to effectively enhance multi-job processing capability, signifi-
cantly shortening job completion time. These frameworks under-
score the importance of collaborative optimization but expose
challenges in achieving seamless coordination and scalability
in large-scale MEC deployments, particularly under dynamic
network and workload conditions.

Energy-Efficient Design for MEC: Energy efficiency is pivotal
to the long-term sustainability of MEC systems. Tan et al. [32]
proposed an energy-efficient joint task offloading scheme for
OFDMA-based MEC, optimizing both computation and com-
munication resources to minimize energy consumption. Wang
et al. [33] achieved adaptive scheduling of heterogeneous IoT
applications by capturing long-term dependencies and using
prioritized experience replay, significantly reducing response
time, energy consumption, and costs. Gill et al. [34] highlighted
critical design principles for developing energy-efficient edge
AI systems, focusing on minimizing power consumption in
distributed environments. Despite these contributions, achiev-
ing universal energy efficiency across diverse MEC scenarios
remains challenging. The heterogeneity of MEC systems and the
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need for seamless adaptability further complicate this landscape.
Addressing these challenges demands innovative frameworks
that dynamically optimize energy consumption while maintain-
ing system-wide coherence in balancing performance trade-offs.

Toward Unified, Adaptive, and Sustainable MEC Systems:
Collectively, the reviewed works underscore substantial progress
in DNN partitioning, resource allocation, federated learning,
and adaptive inference. However, persistent challenges remain
in achieving real-time adaptability, seamless multi-device co-
ordination, and energy efficiency. Future MEC systems must
transcend isolated solutions, embracing self-optimizing frame-
works that integrate adaptability, distributed intelligence, and
energy-efficient design. By advancing beyond incremental im-
provements, MEC can evolve into an autonomous and resilient
ecosystem, dynamically responding to environmental changes
and fostering seamless collaboration between devices and cloud
resources. This transformative shift promises to redefine com-
putational connectivity, meeting the demands of next-generation
applications with unparalleled scalability, efficiency, and robust-
ness.

III. PROPOSED PROBLEM AND ITS FORMULATION

A. Proposed Problem

In mobile cloud computing, mobile devices traditionally act as
passive participants, simply applying a fixed model trained in the
cloud. However, due to limitations in data diversity, volume, and
changing contexts, the basic machine learning models deployed
on mobile devices often suffer from limited generalization and
poor adaptability. This issue is particularly prominent as mobile
applications increasingly demand real-time, context-aware re-
sponses and personalized service processing. The initial model,
once distributed from the cloud data center, remains static and
unable to adapt or improve with additional data during actual
deployment, thereby limiting its accuracy and effectiveness.
To illustrate, the results of model-driven service processing on
mobile devices primarily depend on the model’s initial training
in the cloud. This dependency implies that model performance
does not improve with additional local data collected by the
device during use. Moreover, factors such as single-source data
features and small training datasets can negatively impact model
accuracy, making it challenging to generalize across varied
real-world contexts encountered on mobile devices. Addition-
ally, traditional mobile cloud frameworks struggle to support
model adaptability in real time due to limited computational
capabilities of individual devices and latency in communicating
with cloud servers. Given these challenges, it is necessary to
design an approach that enables model self-evolution within the
mobile cloud computing environment. Such an approach should
address the following critical issues:

1) Localized Model Evolution: When a mobile device op-
erates independently from the cloud, it should be able
to leverage its own collected data to locally update and
refine the algorithmic model. This update process must be
efficient enough to operate within the constraints of the
device’s computational resources while improving model
accuracy based on real-time data.

2) Cyclic Optimization Between Cloud and Devices: When
connected to the cloud, each mobile device can share
updated data with it. The cloud can aggregate this in-
formation across multiple devices, facilitating a cyclical
reoptimization process that enhances the base model’s
robustness and adaptability. This process ensures that the
cloud-distributed model remains aligned with the latest
real-world scenarios encountered by mobile devices, thus
maintaining model relevance and effectiveness.

3) Dynamic Task Allocation and Resource Optimization:
Beyond model evolution, mobile devices must effectively
manage and allocate resources to handle diverse service
requirements, particularly in dynamic and heterogeneous
environments. This includes the ability to intelligently al-
locate computational resources and prioritize tasks based
on real-time demand and device availability, optimizing
both accuracy and efficiency.

By addressing these problems, the proposed FLOM frame-
work seeks to establish a collaborative and self-optimizing
ecosystem that integrates cloud and mobile devices. Lever-
aging deep reinforcement learning, FLOM empowers mobile
devices to autonomously update and refine models, allocate
resources adaptively, and facilitate coordinated optimization
across devices. This distributed approach enables FLOM to
overcome traditional limitations in mobile cloud computing,
making it particularly suited for real-time, adaptive applications
requiring continuous model evolution and efficient resource
management.

B. Problem Formulation

In this study, we consider a mobile cloud computing en-
vironment consisting of multiple mobile devices and a cen-
tralized cloud data center. Let N represent the total num-
ber of mobile devices in the system, and let n = N + 1 de-
note the total number of entities, including both the mobile
devices and the cloud data center. This setup enables col-
laborative processing between the cloud and mobile devices,
aimed at optimizing computational efficiency and adaptability
for real-time applications. Each mobile device Devicei is rep-
resented as a tuple, Devicei = {Capacity i,ComputePower i,
SupportedTasksi,Resources i}, where Capacity i defines the
maximum workload that mobile device i can handle based on its
computational power and available resources.ComputePower i
specifies the processing capacity of mobile device i, determined
by factors such as CPU speed, memory, and energy reserves.
SupportedTasksi indicates the specific types of services or
applications that device i is optimized to process. Resourcesi
represents the available resources on device i, including network
bandwidth, battery level, and current load.

The cloud data center, denoted C, acts as the central pro-
cessing unit and model distributor in this environment. It pro-
vides the core machine learning model M and the training data
P = {Pα

1 , P
α
2 , . . . , P

α
N}, where eachPα

i represents the original
data used to train base model components tailored for specific
service types and tasks. Once trained, the cloud distributes the
model M = {m1,m2, . . . ,mk} to each mobile device, where

Authorized licensed use limited to: Xian Jiaotong University. Downloaded on April 30,2026 at 00:40:16 UTC from IEEE Xplore.  Restrictions apply. 



ZHAO et al.: WONDERFUL FLOWER OF SEVEN COLORS: SELF-EVOLUTION APPROACH FOR MULTI-TERMINAL PERSONALIZED SERVICE 1539

each mk corresponds to a component optimized for different
tasks on the mobile terminals, with k being determined by the
number of model segments needed across devices.

1) Task Categorization and Service Allocation: When a
pending service PendingServiceCategory arrives at the cloud
data center, it is classified based on its likelihood of belonging to
one of several service categories. Let PendingServiceCategory
= {CategoryProbability1, . . . ,CategoryProbabilityw}, where
w represents the number of possible service categories and
CategoryProbabilityσ denotes the probability of the most likely
category. The cloud data center uses this probability to determine
the best-suited device for handling the service and then assigns
it accordingly.

Given a service to be processed, the system identifies the
highest probability category through cloud analysis and then
transfers the service to the mobile device optimized for that
category. Since each device has a segment of the core model
M , it can immediately process the pending service locally,
achieving local model adaptation LocalUpdatemi

for the device
i responsible for the task.

2) Self-Evolving Model Process: As mobile devices process
services, they generate temporary data P β

i,l, where i indexes the
current mobile device and βl represents the volume of real-time
data generated. The set P β

i = {P β
i,1, P

β
i,2, . . . , P

β
i,l} includes all

data generated by device i during model application. This data
allows each device to iteratively refine the model component
it uses. These updates are then synchronized back to the cloud
when the device reconnects, enabling a cyclical re-optimization
of the core model M across the entire system.

The primary goal of this formulation is to enable dynamic
task allocation, local model adaptation, and resource sharing
between the cloud and mobile devices, allowing the system to
adaptively optimize processing tasks based on each device’ s
current state and the overall system conditions. We formulate
this as a self-evolution optimization problem, aiming to achieve
the following objectives:

1) Workload Capacity Compliance: Each device Devicei
must handle service requests without exceeding its des-
ignated capacity Capacityi. This constraint can be formu-
lated as:

m∑
j=1

Loadj ≤ Capacityi. (1)

where m represents the number of service requests allo-
cated to device i, and Loadj denotes the demand of each
request within the device’ s processing limit.

2) Processing Efficiency: To maintain low latency, tasks
assigned to each mobile device Devicei or the cloud
should be processed efficiently within ComputePoweri
or ComputePowerc. The aim is to minimize the
ProcessingTime for each service, a metric influenced by
both the computational power of the device and the task’
s complexity.

3) Real-Time Resource Adaptability: The system should dy-
namically adjust task allocations based on each device’
s real-time Resourcesi, adapting to variations in network

bandwidth, battery levels, and current load. This adapt-
ability ensures tasks are directed to the most capable and
resource-available device, optimizing both performance
and energy efficiency.

4) Quality of Service (QoS) Assurance: Each service has
specific QoS parameters-such as latency, reliability, and
accuracy-that must be met. Task assignments should con-
sider and aim to maximize the QoS metric QoSs,i for each
service processed by a device or cloud, ensuring the system
remains responsive to service demands.

The objective function for this optimization model, therefore,
can be defined as follows:

max
n∑

i=1

QoSs,i − α · ProcessingTime− β ·
n∑

i=1

Resourcesi.

(2)

where:
• QoSs,i ∈ [0, 1] represents the normalized quality of

service achieved for service s on device i calculated as:
QoSs,i = waccuracy ∗Accuracys,i + wlatency ∗ (1−
Latencys,i/Latencymax) + wreliability ∗Reliabilitys,i
with weights waccuracy = 0.5, wlatency = 0.3, wreliability =
0.2.

• ProcessingTime ∈ [0, Tmax] is the total processing time
across all devices, measured in milliseconds, where Tmax =
5000 ms represents the maximum acceptable latency.

• Resourcesi ∈ [0, 1] denotes the normalized resource uti-
lization ratio for device i.

• α ∈ [0.1, 1.0] is the processing time weight coefficient,
empirically set to α = 0.4 to balance QoS and latency.

• β ∈ [0.05, 0.5] is the resource consumption weight coeffi-
cient, set toβ= 0.2 to prioritize QoS while maintaining resource
efficiency.

The coefficientsα and β were determined through grid search
optimization over the validation dataset, with the selected values
providing the best trade-off between service quality and system
efficiency.

By integrating these components, the proposed FLOM frame-
work achieves a self-evolving allocation model that dynamically
adapts to changes in device capacity, network conditions, and
task requirements. This adaptive design allows the system to
deliver efficient, low-latency processing, effectively overcoming
conventional limitations in mobile cloud computing environ-
ments and optimizing it for real-time, adaptive applications.

As illustrated in Fig. 1, the proposed FLOM approach lever-
ages the distinctive advantages of a mobile cloud computing en-
vironment to achieve real-time, self-adaptive processing. FLOM
performs probability-based classification for incoming tasks,
directing each to the most suitable mobile device based on
the maximum likelihood of successful processing within its
category. This targeted distribution aligns tasks with optimized
device capabilities, improving efficiency and accuracy across
the system.

The architecture employs a two-tiered model: a core model
managed centrally in the cloud and adaptable sub-models, or
”leaf” models, on individual mobile devices. This leaf structure
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Fig. 1. Framework-Level Self-evolution Optimization Model (FLOM) Archi-
tecture (Pending services are classified by probability; tasks are then directed
to optimized mobile devices with local model updates, and periodic cloud
synchronization ensures continuous system-wide adaptation.).

enables mobile devices to conduct localized model updates
based on incoming real-time data, enhancing the system’s re-
sponsiveness to specific service requirements. FLOM’s contin-
uous self-evolution process is supported by periodic synchro-
nization of local updates with the cloud, which refines the core
model to maintain coherence across all devices.

To manage dynamically changing conditions, FLOM inte-
grates deep reinforcement learning for resource adaptability.
This approach allows FLOM to balance local processing and
centralized model updates efficiently, even with limited data
and varying network conditions. Through this combination of
localized updates and centralized refinement, FLOM achieves
high accuracy and personalized processing capabilities, sus-
taining performance under diverse, fluctuating conditions. The
following sections provide an in-depth discussion of FLOM’s
core methodologies and components.

IV. FLOM: AN INTELLIGENT SELF-EVOLUTION APPROACH IN

MOBILE CLOUD COMPUTING

A. Architecture Design for FLOM

Fig. 2 illustrates the proposed FLOM architecture within a
mobile cloud computing environment, highlighting the interac-
tions between the cloud data center and mobile devices. The
architecture is organized into three stages: orientation recog-
nition, mobile device self-evolution, and group self-evolution.
And the pseudocode of FLOM’s algorithm has been given as
follows.

Initially, after receiving input data, the cloud data center
extracts relevant information to classify the data and distributes
it to the appropriate mobile devices for further processing.

In the cloud data center, a foundational deep reinforcement
learning (DRL) model is trained on basic data to establish a
general-purpose model. This baseline model is then distributed
to each mobile device, enabling efficient service processing
without requiring task-specific model retraining for each data
type encountered.

As each mobile device processes tasks, it generates tem-
porary data. The device uses this data to update its model
locally, recording the processing information through a deep
neural network to achieve self-adaptation. Periodically, each
device uploads its updated model to the cloud data center. The
cloud data center consolidates and analyzes the models, using
differential information obtained from these updates and its
own stored data to retrain the baseline model. This cyclical
process enables continuous refinement of the benchmark model,
ultimately achieving group-level self-evolution.

B. Modelling the FLOM Framework

In this section, we provide a detailed description of the mod-
eling process for the proposed FLOM approach. The modeling
of the FLOM framework includes defining its key components,
specifying the dynamic interactions between the cloud data
center and mobile devices, and establishing the optimization ob-
jectives that guide the framework’s self-evolution process. The
overall workflow of the FLOM framework model is structured
to enable adaptive, real-time processing and efficient resource
allocation across diverse mobile cloud environments.

1) Data Preprocessing Module Based on PCA: To ensure
the input data is effectively prepared for processing within
the FLOM framework, a data preprocessing stage is applied.
This stage is important in the initial phase of the mobile cloud
computing center, where the core model requires an adaptable
and generalizable baseline without specific preprocessing. By
applying Principal Component Analysis (PCA), we aim to re-
duce the dimensionality of the data while retaining as much of
the original information as possible. This approach provides a
versatile benchmark model with high generalizability, ensuring
it can accommodate a wide range of tasks across various devices
in the mobile cloud environment.

The data processing module consists of two main stages:
(1) Baseline Model Initialization: In the uninitialized phase of

the mobile cloud computing center, the core model is trained on
raw input data without any specific preprocessing, thus enhanc-
ing its general applicability. This approach prioritizes model
adaptability, ensuring the baseline model can handle diverse data
types across devices.

(2) Data Dimensionality Reduction Using PCA: Once the
mobile cloud computing system is operational, the incoming
data is organized into a sample dataset D, comprising input
vectors Z and their corresponding features N . PCA is applied
to transform this dataset from a high-dimensional space to a
lower-dimensional one, encapsulated in a data matrix ZX . This
dimensionality reduction captures the essential structure of the
data, enhancing the efficiency of subsequent classification tasks
within the FLOM framework.
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Fig. 2. Overview of the FLOM architecture in a mobile cloud computing environment.

Fig. 3. Data are distributed to the corresponding mobile device according to
the experimental process.

(a) First, after calculating the mean of each feature X, we
perform the mean-removal operation on all samples; thus, we
obtain the processed matrix ZX’.

(b) The covariance matrix C of Z samples is calculated for the
N’ dimension feature, and the formula is as follows.

C = Cov
(
ZX

′
)
= ZX ′ × ZX

′T . (3)

whereC ∈ RN ′×N ′ is a symmetric positive semi-definite covari-
ance matrix, and ZX ′ ∈ R,Z ×N ′ is the mean-centered data
matrix with Z samples and N ′ features.

Then, the eigenvector u corresponding to the eigenvalues of
the covariance matrix C is calculated by solving the character-
istic equation:

Cu = λu. (4)

where C ∈ RN ′×N ′ is the covariance matrix from (3); u ∈ RN ′

is an eigenvector with L2(u) = 1; λ ∈ R is the corresponding
non-negative eigenvalue. The eigenvalues λ1, λ2, . . . , λN ′ are
ordered such that λ1 ≥ λ2 ≥ · · · ≥ λN ′ ≥ 0.

We select the top k eigenvectors corresponding to the k largest
eigenvalues, where k is determined by the cumulative explained
variance ratio: ∑k

i=1 λi∑N ′
i=1 λi

≥ 0.95. (5)

This ensures that 95% of the data variance is preserved while
achieving dimensionality reduction.

These λ values are sorted in descending order, and finally, we
remove the corresponding k eigenvectors. Then, we can obtain a
set of feature groups {(γ1, μ1), (γ2, μ2), . . . , (γk, μk)}, where
the eigenvectors {γ1, γ2, . . . γk} form the eigenvector matrix V.
Then, we project the original feature (xi

1, x
i
2, .., x

i
n)

T through
this feature group to obtain the new feature (yi1, y

i
2, .., y

i
n)

T , and
its calculation formula is as follows:

Y = ZX ′ × P. (6)

By using the PCA technology in FLOM to preprocess the
input data, the main feature information for data classification
is obtained, which lays the foundation for the subsequent direc-
tional assignment to mobile devices of specific categories.

2) Model Self-Evolution Mechanism Via Deep Reinforcement
Learning: To adapt dynamically to evolving conditions in the
mobile cloud computing environment, the FLOM framework
employs a self-evolution mechanism based on deep reinforce-
ment learning (DRL). This approach enables continuous model
updates and optimizations, leveraging real-time data from mo-
bile devices. By utilizing DRL, the system can autonomously
adjust to fluctuations in network conditions, resource availabil-
ity, and task demands, ensuring that both local and global models
remain relevant and efficient across all devices in the network.

The proposed DRL-based approach also governs the assign-
ment of Quality Value (Q) for each service task, which serves as a
priority or quality metric that helps guide task allocation to suit-
able mobile devices. In this context, Q values are dynamically
assigned based on each device’s current state and capabilities,
and they reflect the importance or urgency of processing each
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task. This process can be formulated as a Markov Decision
Process (MDP), where each mobile device’s state, action, and
reward contribute to determining the optimal Q value for incom-
ing tasks.

The MDP formulation for the self-evolution process is as
follows:

- State (S): Represents the current status of each mobile
device, including attributes such as processing power, resource
availability, and recent task performance.

- Action (A): Refers to the allocation of specific tasks with
defined Q values to mobile devices, where each action influences
the overall processing efficiency.

- Reward (R): Defined as a measure of task processing per-
formance, which increases when a task with a high Q value is
completed with low latency and high accuracy.

The transition probability equation for the state transitions in
the MDP is given by:

P a
dd′ = P [D′t+1 = d′|Dt = d,At = a]. (7)

where Dt represents the current accuracy level or performance
metric of each mobile device, and D′t+1 denotes the updated
state after an action a (task allocation with a specific Q value)
is taken. This formulation allows the FLOM framework to learn
optimal policies for Q value assignment, ensuring that tasks are
prioritized and allocated based on device capabilities and task
demands.

By integrating this Q value assignment process within the
DRL-based self-evolution mechanism, the FLOM framework
achieves adaptive resource allocation that aligns with both
real-time device states and evolving task requirements. This
enables the system to dynamically distribute high-priority tasks
to capable devices, thereby maximizing processing efficiency
and maintaining quality of service.

Then, to judge the pros and cons of the obtained current state,
we can introduce the state parameter reward R to represent the
pros and cons of state t at a certain moment. The formula is as
follows:

Mt = Rt+1 + δRt+2 + . . . =

∞∑
k=0

δkRt+k+1. (8)

where δ represents the influencing factor participating in the
calculation, and its value is generally set to be less than 1. The
greater the feedback degree of the current state and the longer
the time is, the smaller the value, where Mt represents the sum
of the state reward values possessed by each state at time t.

However, it is impossible for us to obtain all the state reward
values in the current state, so we introduce the concept of a value
function and obtain the state reward valueMt by substitutingMt

into the value function equation. The expectation of the future
reward value in the state St is calculated as follows:

v(s) = E[Mt|St = s]. (9)

From formulas (7) and (8), we can obtain the final form of
the value function for the sub-Markov process, which can be
obtained from the expectation of the immediate reward of the
current state and the probability distribution of the state at the

next moment. We use s′ to represent any possible state of s at
the next moment, which can be expressed as:

v(s) = Rs + δ
∑
s′∈S

Pss′v(s′). (10)

where s ∈ S represents the current state from the finite state
space S; Rs ∈ [−Rmax, Rmax] is the immediate reward for
state s, bounded by Rmax = 100; δ ∈ (0, 1) is the discount
factor, set to δ = 0.8in our experiments; Pss′ ∈ [0, 1] is the
state transition probability from state s to state s′, satisfying∑

(s′ ∈ s)Pss′ = 1; v(s′) is the value of successor state s′.
The reward function Rs is specifically defined as:
Rs=wreward ·QoSs − wpenalty · (Delays/DelayRmax

+ResourceUtilizations) where wreward = 10, wpenalty
= 5, DelayRmax = 1000 ms, ensuring that high QoS states
receive positive rewards while states with excessive delays or
resource consumption are penalized.

The value function converges when |v(k + 1)(s)−
v(k)(s)| < ε for all s ∈ S, where ε = 10−4 is the convergence
threshold.

To solve the value of the value function in each sub-Markov
process, we can use a matrix to represent the size of the feedback
degree in different states.⎡

⎢⎣
v(1)

...
v(n)

⎤
⎥⎦ =

⎡
⎢⎣
R1

...
Rn

⎤
⎥⎦+ δ

⎡
⎢⎣
P11 . . . P1n

...
. . .

...
Pn1 . . . Pnn

⎤
⎥⎦ . (11)

where v is a column vector representing an entire state, and its
mathematical formula can be abstracted as follows:

v = R+ δPv. (12)

Combined with the Markov state-value function in the above
formula, to obtain the optimal strategy in the process of model
self-evolution, we can use the value iteration approach to de-
termine the optimal solution. Then, the optimal value iteration
equation based on the Bellman equation can be expressed as
follows:

vk+1(s) = max
x

E [Rt+1 + δvk (St+1) |St = s,At = a]

= max
a

∑
s′,r

p(s′, r|s, a) [r + δvk (s
′)] . (13)

We use the value iteration approach to follow the new value,
and the final value is obtained by convergence, where vk. As
long as the model converges, we can obtain the optimal policy
because we use greedy thinking for action selection, and each
step obtains feedback from the current state.

In the mobile cloud computing environment, to achieve the
optimal effect of the algorithm model, we can use the optimiza-
tion strategyπ with parameters for calculation to determine what
action value a to take at different times t, where the neural
network parameter value θ can adjust the weights, biases and
other parameters in the neural network for optimization. We can
use formula (12) to express the random strategy adopted in the
optimization process:

at̃ πθ(·|st). (14)
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Because the system can preform a variety of different actions
when it is in the same state, its feedback values must be different.
To achieve self-evolution of the algorithm model, we can use a
greedy strategy for action selection and select the action with the
largest feedback value each time. According to our definition
above, the action value function A can be obtained as follows:

Aπ = Es′ [r + δAπ (s′, a′) |s, a]. (15)

where π represents the action value under the current strategy,
indicating that each action a we take in state s is generated by
the strategy according to the current state.

We can obtain the optimal action value function by combin-
ing the formula of the above value function and according to
formula (14), thus ensuring the uniqueness of the value and
achieving the goal of solving the sub-MDP process and realizing
the optimal solution of the local value.

A∗(s, a) = Es′ [r + δmax
a′

A∗ (s′, a′) |s, a]. (16)

Since our input data are high-dimensional data, if we want
to simulate a series of information, such as all states, actions,
and feedback values, from input to output, we will inevitably
encounter the curse of dimensionality. Therefore, we can use
a deep neural network to approximate the value of the value
function, and the formula is as follows:

A(s, a) ≈ f (s, a,ω) . (17)

where ω represents a distribution of the approximate state-
action values obtained after the data are output by the neu-
ral network, i.e., a vector representing the state-action values
[A(s, a1), A(s, a2), . . . , A(s, an)], so the above formula can be
transformed into A(s, a; θ) ≈ A∗(s, a), where θ represents the
model parameters. In the process of real-time interaction with
the outside world through the algorithm model, the iterative and
long-term trial-and-error process can achieve the optimization
of the revenue function.

Then, we can transform the self-evolution problem of the
model into the optimization problem of the neural network and
adjust the deviation between the label and the network output by
using the gradient descent approach through backpropagation to
minimize the loss function, so we can obtain the neural network.
The loss function gradient formula of the network is:

∂L (w)

∂w
= E

[(
r + δmax

a′
A (s′, a′)−A(s, a)

) ∂A (s, a,w)

∂w

]
.

(18)

Thus far, we can obtain the preformula for the self-evolution of
the algorithm model in the mobile cloud computing environment
as follows:

A (s, a, )← A (s, a) +α
[
r + δmax

a′
A (s′, a′)−A(s, a)

]
.

(19)

where α is the learning rate between 0 and 1. Since a deep
neural network is used for the calculation of the A value,
we can obtain detailed information on the parameter θ of the
neural network for the kth sample value, where the bias pa-
rameter is [θq1, θq2, . . . , θqX(lay+1)], the weight parameter is

[θx1, θx2, . . . , θxX(lay+1)], and X(lay + 1) is the neural net-
work. The number of hidden units in the middle layer, τ(s, a),
is the activation function matrix of the neural network, so the
following formula can be obtained:

Qθ(s, a) = θT · τ(s, a)

=

X(lay)∑
x=1

X(lay+1)∑
y=1

(θxy·mx(s, a) + θqy) . (20)

To update the network parameter θ, we randomly extract the
number of samples from the memory network to update the
policy, where the value is Y, and the rules are as follows:

θ←θ− εθ

Y∑
m=1

δm, TD∇θQm,θ(s, a). (21)

where εθ is the step size set by stochastic gradient descent. The
memory network and the target network have the same network
structure and different parameters. We can obtain A(s, a, θ) by
formula (20) in the gradient-specific steps in the descent process.

∇θiLi (θi) = Es,ã ρ(.);s′̃ ε[(
r + δmax

a′
A (s, a; θi)

)
∇θiQ (s, a; θi)

]
. (22)

When the algorithm model starts training, the deep neural
network generates the value A, and then the SGD algorithm
works at the same time. The data generated by the neural network
are not independent and identically distributed, so we cannot
use it immediately but need to store it in the experience pool
first and disrupt the correlation between the generated data by
random sampling. Furthermore, the risk of model oscillation
and divergence caused by the neural network that generates data
labels and the neural network that performs value calculation is
avoided. We need to construct an independent and novel neural
network based on the value computing network. Therefore, in
the FLOM framework, the self-evolution of the algorithm model
is completed.

The specific process of the FLOM self-evolution workflow
for adaptive resource management is as follows.

C. Discussion

The FLOM framework advances mobile edge computing by
enabling adaptive, efficient task distribution and dynamic system
optimization. A key feature of FLOM is its ability to minimize
computational overhead through dimensionality reduction tech-
niques while ensuring optimal resource utilization. This balance
enhances both performance and scalability across diverse, dy-
namic environments. FLOM employs dual-layer optimization to
address the challenges of heterogeneity and resource constraints.
At the local level, edge devices dynamically refine task execution
to reduce latency, while at the global level, the cloud synthesizes
updates to maintain system coherence. This hierarchical strategy
ensures robust performance under varying network conditions
and device capabilities. During our experimental evaluation, key
parameters were calibrated to optimize the trade-offs between
responsiveness, energy efficiency, and accuracy. Specifically, m
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Algorithm 1: Self-Evolution Workflow of FLOM for Adaptive Resource Management.

was set to 2, t to 4, k to 0.6, and γ to 0.8. These settings reflect a
balance between computational intensity and system efficiency,
ensuring that FLOM remains adaptable to diverse application
scenarios. Adjustments to these parameters can further tailor the
framework to specific use cases, demonstrating its flexibility and
real-world applicability. Overall, FLOM represents a unified,
scalable solution for next-generation MEC systems. Its ability
to adapt dynamically while maintaining efficiency highlights
its potential to address emerging challenges in mobile edge
computing.

The robustness of FLOM’s performance across varying pa-
rameter settings is crucial for its practical deployment. Through
comprehensive sensitivity analysis, we observed that the frame-
work maintains stable performance even when key parameters
deviate from their optimal values. Specifically, when the trade-
off coefficients α and β vary within 20% of their calibrated
values (α = 0.4 and β = 0.2), the overall system performance
degradation remains below 5%, demonstrating the framework’s
resilience to parameter variations. Similarly, the QoS weight dis-
tribution shows comparable stability, with performance metrics
remaining consistent when individual weights fluctuate within
reasonable bounds. This robustness is particularly important in
real-world mobile cloud environments where precise parameter
tuning may be challenging due to dynamic network condi-
tions and heterogeneous device capabilities. The discount factor
δ in our reinforcement learning formulation exhibits optimal

convergence behavior across the range [0.75, 0.85], with our
chosen value of 0.8 providing the best balance between con-
vergence speed and solution quality. These findings confirm
that FLOM is not merely optimized for specific parameter
configurations but rather exhibits inherent stability that makes
it suitable for diverse deployment scenarios without extensive
recalibration.

V. PERFORMANCE EVALUATION AND ANALYSIS

The FLOM approach is proposed to address the self-evolution
of the model in the mobile cloud computing environment, and the
optimized model plays an important role in processing specific
types of data in this field. We evaluate FLOM through the follow-
ing aspects: (1) The accuracy of the FLOM processing data under
normal circumstances; (2) Different sample categories are not
assigned to the designated mobile terminal for processing; (3)
Overall self-optimization performance analysis; (4) Comparison
of time performance under the number of sample categories.

To verify the performance of our proposed self-evolutionary
model in the mobile cloud computing environment, we need to
collect different service request data for processing, and after
preprocessing, we identify and assign the data to a mobile
terminal with the corresponding service equipment. We use
simulation tools to generate multiple request data in parallel,
and different service resources are continuously added to the
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TABLE I
PREDICTION ACCURACY FOR DIFFERENT QUANTITY CLASSES

cloud data centre and mobile cloud computing centre to form
the data set required for self-evolving tasks. This paper divides
these data into training and test data. It is worth noting that they
provide a data model with high universality in the benchmark
model generation stage and generate a self-optimized data model
that conforms to this category according to the data in the
mobile terminal application stage. The hyperparameters of all
compared approaches were tuned by cross-validation. In the
construction of the deep reinforcement learning model men-
tioned in the paper, the deep learning framework, TensorFlow,
is used. Based on the proposed FLOM approach, the resource
information and status of the cloud computing centre and the
mobile cloud computing centre can be regularly obtained. This
paper evaluates and tests the performance of FLOM through 4
different experiments. The final results show that the proposed
approach has high accuracy and stability in dealing with the
self-evolution problem of a model in the mobile cloud computing
environment. The effect is especially obvious when dealing with
specific categories under the domain.

A. Experimental Setup

To realize the intelligent self-evolution process of FLOM, we
use the data collection script to obtain stock data required for
the experiment and set the data update period to 1 h. The host
configuration used in our cloud computing centre is (an Intel
Dual-core CPU (3.7 GHZ), 4 G main memory, 1 T hard disk),
each mobile cloud computing centre is a Google nexus mobile
phone. Furthermore, the MATLAB simulation platform is used
to obtain satisfactory experimental results and good simulation
performance. Different types of service requests are generated,
FLOM is applied, and the model’s performance and resource
status are monitored regularly.

B. Accuracy of FLOM Processing Data Under Normal
Circumstances

In this experiment, we compare the performance of four
approaches in handling different types of data, verifying the
accuracy of the proposed FLOM approach across various data
categories in the mobile cloud computing environment. Table I
summarizes the model’s accuracy for different data categories.
First, the required data is selected through a collection script,
divided into multiple domains by category, and the accuracies

TABLE II
MODEL ACCURACY FOR DATA ANOMALY ASSIGNMENT

of FLOM and other algorithms are compared for both homo-
geneous and heterogeneous data types. As shown in Fig. 3,
the accuracy difference between DQN and FLOM is less than
0.5% only in the single-class data domain. DQN performs well
here, outperforming DDPG, which struggles with continuous
data processing. As the number of data domains increases,
DDPG’s accuracy improves slightly but remains lower than
FLOM’s, while the gap between FLOM and QL/DQN widens.
As more data categories are introduced, the performance of
all approaches improves, though the gains for QL and DQN
diminish and stabilize. FLOM continues to improve as long as
the data domain size does not reach the upper limit of mobile
terminal capacity. Notably, the performance improvement for
each approach decreases with each additional data domain, but
FLOM consistently maintains its advantage as long as the num-
ber of categories does not exceed the capacity of the mobile cloud
computing centers. When processing single-category data, all
approaches show similar accuracy, but as the multi-category data
domain expands, QL, DQN, and DDPG exhibit distinct but rel-
atively similar accuracies. FLOM consistently outperforms all,
confirming that its performance improves across different data
categories in the same domain. Overall, FLOM yields the best
results in every experimental scenario, with other approaches
showing varying performance for single-class and multi-class
data. This experiment demonstrates FLOM’s superior ability to
process diverse data types within the same domain.

C. Misassignment of Each Sample Category

In this set of experiments, we verify the changes in the
accuracy of the model when different sample categories are not
assigned to the mobile terminal that handles the corresponding
tasks. In this experiment, to determine whether the sample data
are correctly assigned being processed by FLOM, in the process
of increasing the number of sample categories, a control exper-
iment with service data correctly assigned to the corresponding
mobile terminal and incorrectly assigned service data is carried
out. Since there are many cases of incorrectly assigned data in the
domain, we average the obtained accuracies, observe only the
variation trend of the experimental results and ignore their data
detail performance. The detailed numerical results are summa-
rized in Table II. Then, the results of each group of experiments
are compared with the results of the FLOM approach to obtain
the performance changes of different categories of data dislo-
cation in the same field. As shown in Fig. 4, when the number
of sample categories is 1, after the sample data are obtained
by the mobile terminal, because the data category domain is
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Fig. 4. Sample class error distribution trial procedure.

Fig. 5. Performance comparison of the benchmark model after iteration.

Fig. 6. Comparison of the time performance for each sample category.

different from the data model processed by the mobile cloud
computing centre, the sample processing performance is poor in
the initial stage, but as the running time of the system increases,
the mobile cloud computing centre obtains the characteristics
of the sample data. Due to the self-evolution characteristics
of FLOM, this type of data can be processed by the mobile
terminal, and the performance of the model is significantly

improved. Obviously, since the number of sample categories
is 2 and 3, there are more allocation situations in the process
of allocating mobile terminals. The performance improvement
obtained by FLOM is in line with the trend when the number of
sample categories is 1, but the time spent increases as the sample
size increases. When the number of data sample categories
exceeds the number of mobile cloud computing centres in the
experiment, the performance of FLOM still has an upwards
trend, but it fluctuates greatly during the rising period. Since
the FLOM approach of the control group handles the sample
data correctly, its model performance is always higher than the
case when the data categories are dislocated. However, when the
number of categories processed exceeds the upper limit set by the
experiment, FLOM also has the ability to automatically adjust
the settings. Due to the characteristics of evolution, the reissued
benchmark model can fully fit the greatest common divisor
of the characteristics of each type of data, and with a partial
decrease in performance, the ability to process the input data of
the sample is improved. According to the results of this group
of experiments, the proposed intelligent self-evolution approach
has good experimental results when dealing with dislocated data
categories due to the characteristics of the FLOM design.

D. Overall Self-Optimizing Performance Analysis

In this experiment, we compare the performance of the bench-
mark algorithm in FLOM before and after self-optimization to
simulate the proposed framework’s performance in a mobile
cloud computing environment. We analyze how the benchmark
model affects the performance of each mobile terminal and
how it evolves over time. As shown in Fig. 5, when a mobile
terminal receives data without a benchmark model, it starts
training the algorithm model from scratch. Over time, each
terminal optimizes local performance when processing its data,
showing significant improvement, but the overall performance
gain of FLOM is slightly lower than in the other two scenarios.
Once each mobile cloud computing centre obtains the distributed
benchmark model, the initial data processing accuracy of each
terminal is higher than in the first case. However, since the
second scenario does not integrate local algorithm models into a
self-optimized framework, FLOM’s overall self-evolution pro-
cess remains incomplete. As a result, the third solution, after
completing the self-optimization process, yields better perfor-
mance than the second solution. Experimental results also show
that when the benchmark model undergoes self-optimization and
is reissued, the performance of each mobile device initially lags
behind the other solutions but gradually surpasses them over
time. The updated data processing performance of the mobile
terminal after FLOM iteration aligns with our expectations.

E. Comparison of Time Performance for Different Numbers of
Sample Categories

This experiment verifies the time performance of the proposed
FLOM approach in the experimental environment by observing
the running time of the system for different number of sample
categories as the number of mobile cloud computing processing
centres increases in the mobile cloud computing environment,
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TABLE III
TIME PERFORMANCE FOR DIFFERENT MOBILE TERMINALS

as shown in Fig. 6. Because the running time is an important
indicator of the performance of the reaction system, the running
time should be as short as possible to save computing resources
and reduce the application threshold of FLOM to make it easier
to popularize and use.

Table III shows the running times of different mobile cloud
computing centres for various sample sizes. When the sample
size is 20%, Plan 3 takes the least time, while Plan 2 takes
the most, followed by Plan 1. This is because, in Plan 3, the
mobile terminals match the sample data categories, minimizing
processing time, whereas the other solutions require more time
to distribute the data due to the absence of corresponding mobile
cloud computing centres. As the number of mobile processing
centres exceeds the number of input sample categories, the
performance of Plan 4 closely follows that of Plan 3, but due
to its directional processing setup, it takes slightly more time.
As shown in the figure below, as the proportion of sample
data increases, system time consumption rises, with all four
plans showing an upward trend. Notably, when the number of
data categories matches the number of mobile cloud computing
centres in Plan 2, the system time consumption is significantly
reduced. Plan 3, representing our proposed FLOM approach,
demonstrates the best time performance, with minimal time con-
sumption and a gradual growth curve, highlighting the stability
of FLOM’s performance.

VI. CONCLUSION AND FUTURE WORK

This paper introduces FLOM, an innovative self-evolving
framework for mobile cloud computing. By combining deep
reinforcement learning with targeted data processing, FLOM
optimizes both data allocation and computational efficiency
in dynamic mobile cloud environments. Experimental results
validate its superior performance in handling limited data while
maintaining high accuracy across mobile cloud centers. FLOM
represents a significant step towards scalable, adaptive, and
resource-efficient mobile cloud computing systems, offering a
robust solution for data processing and model optimization.

Future research will focus on extending FLOM to multi-
cloud and multi-mobile cloud environments, enabling dynamic
coordination between diverse computing centers. Key areas
of exploration include reducing training time, optimizing en-
ergy consumption, and improving model transfer efficiency.
These advancements will enhance FLOM’s scalability and

applicability in large-scale, real-world cloud computing scenar-
ios, pushing the boundaries of intelligent mobile cloud systems.
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