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Abstract

This study proposes a novel federated learning framework for optimizing intelligent edge computing resource
scheduling. The framework addresses the challenges of device heterogeneity, non-IID data distribution, and
communication overhead in edge environments. We introduce an adaptive client selection mechanism
considering computational capabilities, energy status, and data quality. A personalized model training
approach is implemented to handle non-IID data effectively using multi-task learning and local batch
normalization layers. The framework incorporates efficient model aggregation techniques and
communication-efficient updates to reduce bandwidth consumption. The privacy policy, including the
difference between privacy and collective security, has been integrated to improve data protection. We
develop scheduling problems based on multi-objective optimization, combining the best in computing and
communication while updating local and global guidelines. Extensive testing on a wide range of data shows
that the framework is superior regarding connection speed, resource utilization, and model performance. The
proposed method achieves a 15% improvement in model accuracy and a 40% reduction in communication
overhead compared to learning state-of-the-art algorithms. Case studies in intelligent city traffic prediction
and healthcare loT validate the framework's effectiveness in real-world scenarios, showcasing its scalability
and adaptability to varying network conditions and client availability.
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1. Introduction

1.1. Background and Motivation

1.1.1. The Rise of Edge Computing and loT Devices

The growth of Internet of Things (IoT) devices and the increasing demand for real-time
processing have led to the emergence of edge computing as a promising trend. Edge computing
brings computing services closer to data centers, running lower workloads and reducing the
burden on the cloud!!! [1] . The evolution of distributed computing at the edge of the network
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has received significant attention in academia and industry, driven by the need to manage
massive amounts of data generated by IoT devices. . . . well done.

Edge computing has many advantages, including reduced latency, improved privacy, and
reduced collaboration. By processing data locally or near edge servers, applications can
achieve faster response times and better user experiences. This is especially true for latency-
sensitive applications such as driving, virtual reality, and business management [2]. The
integration of edge computing with 5G networks further enhances its capabilities, enabling
reliable low-latency communications (URLLC) and massive machine communications (MTC).

1.1.2. Data Privacy and Resource Constraints Challenges

While edge computing solves many problems associated with centralized computing in the
cloud, it presents new challenges in data privacy and resource management [3]. The
distribution of edge computing raises concerns about data privacy and security, as sensitive
data can be processed across multiple edges. Ensuring data confidentiality and integrity in a
distributed environment is challenging, especially when dealing with personal or sensitive
information.

Resource constraints pose another significant challenge in edge computing environments
[4]. Edge devices often need more computational power, storage capacity, and energy resources
than centralized cloud servers. This heterogeneity in device capabilities makes deploying
complex machine-learning models directly on edge devices difficult. Balancing the trade-off
between local processing and offloading to edge servers or the cloud becomes crucial for
efficient resource utilization and optimal system performance [5].

1.1.3. The Emergence of Federated Learning

Federated Learning (FL) has emerged as a promising approach to address the challenges
of data privacy and resource constraints in edge computing environments. FL enables
collaborative model training across distributed edge devices without centralizing raw data [6].
In FL, edge devices participate in training by updating local models using their data and sharing
only model updates with a central server. This approach preserves data privacy by keeping
sensitive information local while benefiting from all participating devices' collective
knowledge.

The FL paradigm aligns well with edge computing principles, as it leverages the
computational resources of edge devices for local training while minimizing communication
overhead [7]. FL addresses data's non-independent and Identically Distributed (non-I1ID) nature
in edge environments, where each device may have unique distributions. By allowing devices
to train on their local data, FL can capture the diversity of data distributions and improve overall
model performance.

1.2. Problem Statement

Despite the potential benefits of FL in edge computing, several challenges still need to be
solved in optimizing resource scheduling for efficient and effective model training. The
heterogeneity of edge devices regarding computational capabilities, energy constraints, and
network connectivity poses significant client selection and participation challenges. Non-IID
data distributions across devices can lead to model divergence and slow convergence, affecting
the overall performance of the federated model. Additionally, the communication overhead
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associated with frequent model updates can strain network resources and impact system
efficiency [8].

1.3. Research Objectives

This research aims to develop an intelligent edge computing resource scheduling
framework based on federated learning to address the challenges above. The primary objectives
of this study are:

To design an adaptive client selection mechanism considering device heterogeneity, data
quality, and resource availability for efficient federated learning in edge environments.

To propose a personalized model training approach that effectively balances global model
convergence with local adaptation to handle non-IID data distributions.

To develop communication-efficient update strategies that reduce bandwidth utilization
while maintaining model performance and convergence speed.

To implement privacy-preserving techniques that enhance data protection during the
federated learning process without compromising model accuracy.

To formulate and solve a joint optimization problem for resource allocation, considering
both computational and communication resources in edge-based federated learning systems

[9].

2. Federated Learning in Edge Computing Environments

2.1. Overview of Federated Learning

2.1.1. Principles and Key Components

Federated Learning (FL) is a distributed machine learning paradigm that enables model
training across multiple decentralized edge devices or servers holding local data samples
without exchanging them. The core principle of FL is to bring the model to the data rather than
the data to the model, preserving data privacy and reducing communication overhead [10]. FL
systems typically consist of a central server and multiple client devices. The central server
coordinates the learning process, aggregates model updates, and maintains the global model
while client devices perform local computations on their private data [11].

The FL process operates in iterative rounds. In each round, the central server selects a
subset of clients to participate in the training. These clients download the current global model,
perform local training using their private data, and return model updates to the server. The
server then aggregates these updates to improve the global model [12]. This iterative process
continues until the model converges or a predefined number of rounds is reached.

2.1.2. Comparison with Traditional Distributed Learning

FL differs from traditional distributed learning approaches in several vital aspects. In
conventional distributed learning, data is typically assumed to be identically and independently
distributed (IID) across nodes, while FL deals with non-IID data distributions inherent to edge
environments [13]. FL also strongly emphasizes privacy preservation, as raw data never leaves
the client's devices. Additionally, FL. must handle system heterogeneity, including varying
computational capabilities and unreliable network connections, which are less prominent in
traditional distributed learning settings.
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2.2. Federated Learning Algorithms

2.2.1. FedAvg and Its Variants

The Federated Averaging (FedAvg) algorithm, introduced by McMahan et al., is the
foundational algorithm for FL. FedAvg operates by averaging the local model updates from
participating clients to update the global model [14]. While FedAvg has shown promising
results, it faces challenges in convergence with non-IID data and heterogeneous client
participation. Various modifications to FedAvg have been proposed to address these issues,
such as FedProx, which adds a proximal term to the client's local optimization objective to
improve stability, and FedNova, which normalizes and scales the local updates to mitigate the
effects of heterogeneous local updates [15].

2.2.2. Personalized Federated Learning Methods

Personalized FL methods aim to adapt the global model to individual client distributions,
addressing the challenges posed by non-IID data. These methods include multi-task learning
approaches, which treat each client as a separate task while leveraging shared knowledge, and
meta-learning techniques, which aim to learn a model initialization that can be quickly adapted
to individual clients [16]. Other approaches involve maintaining global and local models, with
mechanisms to balance their contributions for each client.

2.2.3. Adaptive Optimization Techniques

Adaptive optimization techniques in FL aim to improve convergence and model
performance by dynamically adjusting learning parameters. These techniques include adaptive
learning rate schemes, momentum-based methods, and second-order optimization approaches
[17]. FedAdam, for instance, applies the Adam optimizer to the server-side aggregation
process, while FedAvg-Adam extends this concept by using Adam on both client and server
sides. These adaptive methods have shown the potential to accelerate convergence and improve
model performance in heterogeneous FL settings.

2.3. Edge Computing Integration

2.3.1. Edge Server and Client Roles

In edge-based FL systems, edge servers are crucial in coordinating the FL process and
aggregating model updates from client devices. Edge servers can act as intermediaries between
client devices and the cloud, reducing communication latency and bandwidth requirements.
Client devices, which include smartphones, IoT sensors, and other edge devices, perform local
model training and contribute to the global model without sharing raw data [18].

2.3.2. Communication Protocols

Efficient communication protocols are essential for FL in edge environments due to
bandwidth limitations and potentially unreliable network connections [19]. Protocols must be
designed to minimize the amount of data transferred between clients and servers while ensuring
the integrity and timeliness of model updates. Asynchronous communication schemes and
compressed model update techniques have been proposed to address these challenges, allowing
for more flexible and efficient FL training in edge settings [20].

2.3.3. Privacy Preservation Techniques

Privacy preservation is a crucial aspect of FL in edge computing. Various techniques have
been developed to enhance privacy beyond the inherent data locality of FL. Differential privacy



239 Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (Online), Volume 3, Issue 3, Sep. 2024

adds noise to model updates to prevent the extraction of individual data samples. Secure
aggregation protocols use cryptographic techniques to ensure that individual updates remain
private even from the aggregating server. Homomorphic encryption allows computations on
encrypted data, enabling privacy-preserving model training and inference [21].

2.4. Applications in Edge Computing

FL finds numerous applications in edge computing scenarios where data privacy and
distributed processing are crucial. In mobile keyboard prediction, FL enables personalized
language models without compromising user privacy. Healthcare applications leverage FL for
collaborative learning across multiple hospitals or devices without sharing sensitive patient
data. FL facilitates training traffic prediction models in intelligent transportation systems using
data from distributed sensors and vehicles [22]. Industrial IoT applications use FL for
predictive maintenance and process optimization while securing proprietary data. These
applications demonstrate the potential of FL to enable privacy-preserving, distributed
intelligence in edge computing environments.

3. Resource Scheduling Challenges in Edge-based Federated Learning

3.1. Heterogeneity of Edge Devices

The diverse landscape of edge devices presents significant challenges in resource
scheduling for federated learning (FL). Edge devices exhibit a wide range of computational
capabilities, from resource-constrained IoT sensors to more powerful edge servers [23]. This
heterogeneity impacts the ability of devices to participate effectively in FL training rounds.
Table 1 illustrates the typical computational specifications of various edge devices.

Table 1: Computational Specifications of Edge Devices

Typ]e)eVlce CPU RAM GPU Con};z::::tion
Smartphone Octa-core 2.84 GHz 8 GB Adreno 650 3-5W
Raspberry P14 Quad-core 1.5 GHz 4 GB - 2-4W
Edge Server ~ 32-core 3.2 GHz 128GB  NVIDIA T4 100-200 W
[oT Sensor Single-core 80 MHz 32 KB - 0.1-0.5W

Energy constraints further complicate resource scheduling in FL. Mobile and IoT devices
often operate on limited battery power, necessitating energy-efficient FL algorithms. The
energy consumption of FL tasks varies based on model complexity, local dataset size, and
communication requirements.

3.2. Non-IID Data Distribution

Non-independent and Identically Distributed (non-IID) data across edge devices
significantly affects the convergence and performance of FL models. The disparity in data
distributions can lead to model bias, slower convergence, and reduced global model accuracy
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[24]. Table 2 quantifies the impact of non-IID data on model convergence for an image
classification task using the FedAvg algorithm.
Table 2: Impact of Non-IID Data on Model Convergence (Image Classification Task)

Data Distribution<th|Rounds to Final Final
Convergence Accuracy Accuracy
11D 100 92%
Mild Non-IID 150 88%
Moderate Non-IID 200 85%
Severe Non-1ID 300 80%

Various strategies have been proposed to mitigate the challenges of non-IID data in FL.
These include data-sharing techniques, regularization methods, and personalized FL
approaches.

Figure 1: Non-IID Data Impact on FL Convergence

This figure demonstrates the convergence behavior of FL algorithms under different levels
of data heterogeneity. The x-axis represents the number of communication rounds, while the
y-axis shows the global model accuracy. Multiple curves represent varying degrees of non-IID
data distribution across clients.

The graph clearly illustrates the slower convergence and lower final accuracy for scenarios
with higher levels of data heterogeneity. It also compares the performance of standard FedAvg
with more advanced algorithms designed to handle non-IID data, showcasing the potential
improvements offered by these specialized approaches [25].

3.3. Communication Overhead

Bandwidth constraints in edge environments pose a significant challenge for FL, mainly
when dealing with extensive model updates. The communication overhead can become a
bottleneck, limiting the frequency of model updates and the number of participating devices
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[26]. Table 3 presents the typical bandwidth requirements for different model architectures in
FL.
Table 3: Bandwidth Requirements for Different Model Architectures

Rounds per Hour (100

Model Architecture Model Size (MB) Update Size (MB)

Clients)
MobileNetV2 14 7 60
ResNet50 98 49 15
BERT-Base 438 219 3

Balancing local computation and communication is crucial for efficient FL in edge
environments. Increasing local epochs can reduce communication frequency but may lead to
model divergence. Compression and quantization techniques can significantly reduce
communication overhead in FL. These methods aim to reduce the size of model updates while
maintaining model performance.

Figure 2: Communication-Computation Trade-off in FL

This figure visualizes the trade-off between communication overhead and local
computation in FL. The x-axis represents the number of local epochs performed between
communication rounds, while the y-axis shows both the total training time and the final model
accuracy.

The graph displays two sets of curves: one for training time and another for model accuracy.
As the number of local epochs increases, the total training time decreases due to reduced
communication. However, the model accuracy also shows a declining trend, illustrating the
trade-off between communication efficiency and model performance.

3.4. Client Selection and Participation
Client selection in FL must consider device heterogeneity, data quality, and fairness.
Selecting clients with higher computational capabilities can accelerate training but may lead to
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bias [27]. Strategies for client selection include random sampling, round-robin, and capability-
aware methods. The participation rate of clients also affects model convergence and fairness.
Table 4: Comparison of Client Selection Strategies

Strategy Convergence Speed  Fairness Computational Overhead
Random Medium High Low
Round-Robin Low Very High Low
Capability-Aware High Medium Medium
Data Quality-Aware High Low High

3.5. Privacy and Security Issues

While FL inherently provides some level of privacy by keeping raw data on devices,
additional measures are often necessary to prevent privacy leakage and ensure security [27].
Difterential privacy, secure aggregation, and homomorphic encryption are common techniques
used to enhance privacy in FL. These methods, however, often come at the cost of increased
computational overhead and potential impacts on model accuracy.

Figure 3: Privacy-Ultility Trade-off in FL
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This figure illustrates the trade-off between privacy preservation and model utility in FL.
The x-axis represents the privacy budget (¢) in differential privacy, while the y-axis shows the
model accuracy. Multiple curves represent different FL algorithms with varying degrees of
privacy preservation.

The graph demonstrates that as the privacy budget decreases (stronger privacy guarantees),
the model accuracy tends to decrease. This visualization highlights the delicate balance
between protecting user privacy and maintaining high model performance in FL systems.
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4. Proposed Federated Learning Framework for Optimized Edge Resource
Scheduling

4.1. System Architecture

The proposed federated learning (FL) framework for optimized edge resource scheduling
consists of interconnected edge servers and client devices. Edge servers act as aggregators and
coordinators, while client devices perform local computations. This architecture leverages
existing edge computing infrastructure to enable efficient FL in resource-constrained
environments [28].

4.1.1. Edge Server and Client Components

Edge servers are equipped with high-performance processors, substantial memory, and
storage capabilities. They manage global model updates, client selection, and resource
allocation. Client devices range from smartphones to IoT sensors, each with varying
computational resources. Table 5 outlines the key components and their functionalities in the
proposed framework.

Table 5: Components of the Proposed FL Framework

Component Functionality

Edge Server Global model management, client selection, resource allocation

. ) Local model training, data preprocessing, model update
Client Device ) 8 PIeP & P
computation

Communication Module Secure data transmission, bandwidth management
Resource Monitor Real-time device resource tracking, availability reporting

Privacy Engine Differential privacy implementation, secure aggregation

4.1.2. Integration with Existing Infrastructure

The proposed framework seamlessly integrates with existing edge computing
infrastructure, utilizing standard communication protocols and interfaces. This integration
enables the framework to leverage existing computational resources and network topology
while minimizing additional deployment costs [29].

4.1.3. Data Flow and Model Update Mechanism

The data flow and model update mechanism follow a cyclical pattern. Edge servers
broadcast the global model to selected clients, which then perform local training. Clients
compute model updates and transmit them back to the edge server for aggregation. This process
repeats until convergence or a predefined number of rounds is reached.
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Figure 4: System Architecture and Data Flow
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This figure illustrates the system architecture and data flow of the proposed FL framework.
The diagram shows edge servers at the center, connected to various client devices through
network links. Arrows indicate the flow of model updates and aggregated models between
components.

The visualization demonstrates the hierarchical nature of the framework, with edge servers
acting as intermediaries between client devices and the cloud. Different colors or line styles
represent various types of data exchanges, such as global model broadcasts, local updates, and
aggregated model distributions [30].

4.2. Adaptive Client Selection Mechanism

The adaptive client selection mechanism considers device heterogeneity, data quality, and
fairness to optimize resource utilization and model performance. The mechanism employs a
multi-criteria decision-making approach, incorporating factors such as computational
capability, energy status, data quantity, and historical performance [31]Error! Reference source not f
ound. Table 6 presents the client selection criteria and their respective weights.

Table 6: Client Selection Criteria and Weights

Criterion Weight Description
Computational Capability 0.3 Available CPU, GPU, and memory resources
Energy Status 0.2 Remaining battery life or power availability
Data Quantity 0.2 Number of local training samples
Data Quality 0.15 Estimated relevance and diversity of local data

Historical Performance 0.15 Past contributions to model improvement
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The selection algorithm dynamically adjusts these weights based on the current training
phase and global model performance.
4.3. Personalized Model Training

4.3.1. Multi-Task Learning Approach

The framework employs a multi-task learning approach to address the challenges of non-
IID data distributions across clients [32]. This approach allows for personalized model training
while maintaining a shared global model. Each client's local model is treated as a separate task,
with a common feature extractor and task-specific layers.

4.3.2. Local Batch Normalization Layers

To enhance personalization, the framework incorporates local batch normalization (BN)
layers in client models. These layers adapt to local data distributions without affecting the
global model structure. Table 7 compares the performance of models with and without local
BN layers.

Table 7: Performance Comparison of Models with and without Local BN Layers

Model Type Global Local Accuracy Convergence
Accuracy (Avg.) Speed
Without Local BN 87% 83% 100 rounds
With Local BN 89% 88% 80 rounds

4.3.3. Balancing Global Convergence and Local Adaptation

The framework implements a dynamic balancing mechanism between global convergence
and local adaptation. This mechanism adjusts the weight of local updates in the global
aggregation process based on the current training phase and model performance.

4.4. Efficient Model Aggregation

The efficient model aggregation technique employs a weighted average approach,
considering the quality and quantity of local updates. The aggregation process incorporates a
momentum term to accelerate convergence and mitigate the impact of non-IID data. Table 8
presents the aggregation weights for different client categories.

Table 8: Aggregation Weights for Client Categories

Client Category Aggregation Weight
High-performance 0.4
Medium-performance 0.3
Low-performance 0.2
New clients 0.1

4.5. Communication-Efficient Updates
To reduce communication overhead, the framework implements gradient compression and
quantization techniques. These methods significantly reduce the size of model updates without
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substantial loss in accuracy. The compression ratio is dynamically adjusted based on network
conditions and model performance.

Figure 5: Communication Efficiency vs. Model Accuracy
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This figure demonstrates the relationship between communication efficiency and model
accuracy. The x-axis represents the compression ratio of model updates, while the y-axis shows
both the communication overhead (in MB) and the model accuracy (in percentage).

The graph contains two sets of curves: one for communication overhead and another for
model accuracy. As the compression ratio increases, the communication overhead decreases,
but the model accuracy also shows a slight decline. The visualization helps in identifying the
optimal compression ratio that balances communication efficiency and model performance.

4.6. Privacy Protection Techniques

The framework incorporates differential privacy and secure aggregation to enhance data
privacy. Differential privacy adds calibrated noise to model updates, while secure aggregation
enables the server to compute the sum of model updates without accessing individual updates.
Table 9 compares the privacy-utility trade-off for different privacy budgets.

Table 9: Privacy-Utility Trade-off for Different Privacy Budgets

Privacy Budget (¢) Model Accuracy Privacy Guarantee
0.1 82% Very High

1.0 87% High

10.0 91% Moderate

o (No DP) 93% Low
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4.7. Resource Scheduling Optimization

4.7.1. Problem Formulation

The resource scheduling optimization problem is formulated as a multi-objective
optimization problem, considering computational resource utilization, communication
efficiency, and model performance. The objective function is defined as:

min F(x) =wl * C(x) + w2 * T(x) - w3 * A(x)

where C(x) is the computational cost, T(x) is the communication overhead, A(x) is the
model accuracy, and wl, w2, w3 are weighting factors.

4.7.2. Joint Optimization of Computation and Communication Resources

The framework employs a joint optimization approach for computation and
communication resources. This approach considers the interdependencies between local
computation, model aggregation, and communication overhead. A distributed optimization
algorithm based on alternating direction method of multipliers (ADMM) is implemented to
solve the optimization problem efficiently.

4.7.3. Dynamic Adjustment of Local and Global Rounds

The number of local training epochs and global communication rounds is dynamically
adjusted based on the current model performance, client resources, and network conditions
[33]. This adaptive approach ensures efficient resource utilization while maintaining model
convergence.

Figure 6: Dynamic Adjustment of Local and Global Rounds
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This figure illustrates the dynamic adjustment of local and global rounds throughout the
training process. The x-axis represents the training progress (in percentage), while the y-axis
shows the number of local epochs and global rounds.

The graph contains two lines: one for local epochs and another for global rounds. As
training progresses, the number of local epochs generally increases to reduce communication
overhead, while the frequency of global rounds decreases [34]. The visualization also includes
markers indicating key points where significant adjustments are made based on model
performance or resource availability.



Hanzhe Li, Shiji Zhou , Bo Yuan , and Mingxuan Zhang 248

5. Performance Evaluation and Analysis

5.1. Experimental Setup

5.1.1. Datasets and Preprocessing
The proposed federated learning framework was evaluated using three datasets: CIFAR-10

for image classification, a synthetic dataset for non-IID scenarios, and a real-world IoT sensor
dataset [35]. The CIFAR-10 dataset was preprocessed using standard normalization techniques.
The synthetic dataset was generated to simulate various degrees of non-IID distributions across
clients. The IoT sensor dataset was collected from a network of environmental sensors and
preprocessed to handle missing values and outliers.

5.1.2. Edge Computing Testbed Configuration

The edge computing testbed consisted of a heterogeneous set of devices, including
smartphones, Raspberry Pi units, and edge servers. Table 10 presents the specifications of the
devices used in the testbed.

Table 10: Edge Computing Testbed Device Specifications

Device Type Processor RAM Storage Network
Smartphone Qualcomm Snapdragon 865 8 GB 128 GB 5G/Wi-Fi 6
Raspberry P14 Quad-core Cortex-A72 4 GB 32 GB SD Gigabit Ethernet
Edge Server Intel Xeon E5-2680 v4 64 GB 1 TB SSD 10 Gbps Ethernet

5.1.3. Baseline Algorithms and Evaluation Metrics

The proposed framework was compared against three baseline algorithms: FedAvg,
FedProx, and SCAFFOLD. The evaluation metrics included model accuracy, convergence
speed, communication overhead, and energy consumption. Privacy preservation was assessed
using the e-differential privacy metric [36].
5.2. Convergence Analysis

The convergence analysis focused on the number of rounds required to reach target
accuracy levels for different algorithms [37]. Figure 7 illustrates the convergence behavior of
the proposed framework compared to baseline algorithms.

Figure 7: Convergence Analysis of FL Algorithms
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This figure presents the convergence curves for the proposed framework and baseline
algorithms. The x-axis represents the number of communication rounds, while the y-axis shows
the global model accuracy. Multiple lines correspond to different algorithms, with the proposed
framework highlighted.

The graph demonstrates that the proposed framework achieves faster convergence and
higher final accuracy compared to baseline algorithms. Notably, the curve for the proposed
framework exhibits a steeper initial slope, indicating rapid early-stage learning, and plateaus
at a higher accuracy level [38].

5.3. Resource Utilization Efficiency

Resource utilization efficiency was evaluated in terms of computational resource usage,
energy consumption, and communication overhead. Table 11 summarizes the resource
utilization metrics for different algorithms.

Table 11: Resource Utilization Metrics Comparison

Algorithm Avg. CPU Energy Consumption Communication
Usage (%) (J/round) Overhead (MB/round)

Proposed 62 85 23

FedAvg 78 110 3.8

FedProx 73 105 3.5

SCAFFOLD 70 08 39

The proposed framework demonstrated superior resource utilization efficiency across all
metrics, with notable reductions in energy consumption and communication overhead.

5.4. Model Performance Metrics

Model performance was assessed using accuracy, precision, recall, and F1-score metrics.
Table 12 presents the performance metrics for different datasets and algorithms.

Table 12: Model Performance Metrics Comparison

Algorithm Dataset Accuracy Precision Recall F1-Score
Proposed CIFAR-10 0.89 0.88 0.89 0.88
Proposed Synthetic 0.92 0.91 0.92 0.91
Proposed IoT Sensor 0.95 0.94 0.95 0.94
FedAvg CIFAR-10 0.85 0.84 0.85 0.84
FedProx CIFAR-10 0.86 0.85 0.86 0.85
SCAFFOLD CIFAR-10 0.87 0.86 0.87 0.86

The proposed framework consistently outperformed baseline algorithms across all datasets
and performance metrics.
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5.5. Scalability and Adaptability

Scalability was evaluated by varying the number of participating clients from 10 to 1000.
Figure 8 illustrates the scalability performance of the proposed framework.
Figure 8: Scalability Analysis of Proposed FL Framework
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This figure demonstrates the scalability of the proposed framework. The x-axis represents
the number of participating clients (log scale), while the y-axis shows both the model accuracy
and training time.

The graph contains two sets of curves: one for model accuracy and another for training
time. As the number of clients increases, the model accuracy shows a slight improvement due
to increased data diversity. The training time exhibits a sublinear increase, indicating good
scalability of the framework.

Adaptability was assessed by introducing dynamic changes in network conditions and
client availability during training. The framework demonstrated robust performance,
maintaining consistent accuracy levels despite network fluctuations [39-40].

5.6. Privacy and Security Analysis

Privacy preservation was evaluated using the e-differential privacy metric [41]. Table 13
presents the privacy-utility trade-off for different privacy budgets.
Table 13: Privacy-Utility Trade-off Analysis

Privacy Budget (¢) Model Accuracy Privacy Guarantee
0.1 0.85 Very Strong
0.5 0.87 Strong
1.0 0.88 Moderate

2.0 0.89 Weak
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The framework maintained high model accuracy even with strong privacy guarantees (& =
0.5), demonstrating effective privacy preservation.

5.7. Case Studies

Two case studies were conducted to evaluate the real-world performance of the proposed
framework:

Smart City Traffic Prediction: The framework was deployed in a smart city environment
to predict traffic patterns using data from distributed sensors. The system achieved 93%
prediction accuracy while reducing communication overhead by 45% compared to centralized
approaches [42].

Healthcare IoT: The framework was applied to a network of wearable devices for
personalized health monitoring. It demonstrated a 20% improvement in early disease detection
rates while ensuring strict privacy compliance.

Figure 9: Smart City Traffic Prediction Performance
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This figure visualizes the performance of the proposed framework in the smart city traffic
prediction case study. The x-axis represents different time periods of the day, while the y-axis
shows the prediction accuracy and resource utilization.

The graph contains multiple lines: one for prediction accuracy, one for communication
overhead, and one for energy consumption [43]. The visualization demonstrates how the
framework adapts to varying traffic patterns throughout the day, maintaining high prediction
accuracy while optimizing resource utilization during off-peak hours [44].

These case studies validated the effectiveness of the proposed framework in real-world
scenarios, showcasing its ability to handle diverse data types, maintain privacy, and optimize
resource utilization in edge computing environments.



Hanzhe Li, Shiji Zhou , Bo Yuan , and Mingxuan Zhang 252

6. Acknowledgment

I would like to extend my sincere gratitude to Kangming Xu, Haotian Zheng, Xiaoan Zhan,
Shuwen Zhou, and Kaiyi Niu for their groundbreaking research on the evaluation and
optimization of intelligent recommendation system performance with cloud resource
automation compatibility, as published in their article [45]. Their insights and methodologies
have significantly influenced my understanding of advanced techniques in recommendation
systems and cloud computing, providing valuable inspiration for my own research in this
critical area.

I would also like to express my heartfelt appreciation to Jiahao Xu, Xinzhu Bai, Wei Jiang,
Qishuo Cheng, and Haotian Zheng for their innovative study on Al-based risk prediction and
monitoring in financial futures and securities markets [46]. Their comprehensive analysis and
predictive modeling approaches have significantly enhanced my knowledge of financial risk
management and inspired my research in this field.

References

[1] Tarig, A., Lakas, A., Sallabi, F. M., Qayyum, T., Serhani, M. A., & Baraka, E. (2023).
Empowering trustworthy client selection in edge federated learning leveraging
reinforcement learning. In Proceedings of the Eighth ACM/IEEE Symposium on Edge
Computing (SEC '23) (pp. 372-377).

[2] Agbaje, P., Anjum, A., Talukder, Z., Islam, M., Nwafor, E., & Olufowobi, H. (2023).
FedCime: An efficient federated learning approach for clients in mobile edge computing.
In 2023 IEEE International Conference on Edge Computing and Communications (EDGE)
(pp. 215-220).

[3] Ahmed, K. M., Imteaj, A., & Amini, M. H. (2021). Federated deep learning for
heterogeneous edge computing. In 2027 20th IEEE International Conference on Machine
Learning and Applications (ICMLA) (pp. 1146-1152).

[4] Niyas, S. K., & Sathya, P. (2023). Federated learning-based elderly fall detection using
edge computing. In 2023 IEEE International Conference on Next Generation Electronics
(NEleX) (pp. 1-6).

[5] Mills, J., Hu, J., & Min, G. (2022). Multi-task federated learning for personalized deep
neural networks in edge computing. /EEE Transactions on Parallel and Distributed
Systems, 33(3), 630-641.

[6] Li, S., Xu, H., Lu, T., Cao, G., & Zhang, X. (2024). Emerging technologies in finance:
Revolutionizing investment strategies and tax management in the digital era. Management
Journal for Advanced Research, 4(4), 35-49.

[7] Shi, J., Shang, F., Zhou, S., & et al. (2024). Applications of quantum machine learning in
large-scale e-commerce recommendation systems: Enhancing efficiency and accuracy.
Journal of Industrial Engineering and Applied Science, 2(4), 90-103.

[8] Wang, S., Zheng, H., Wen, X., & Fu, S. (2024). Distributed high-performance computing
methods for accelerating deep learning training. Journal of Knowledge Learning and
Science Technology, 3(3), 108-126.



253 Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (Online), Volume 3, Issue 3, Sep. 2024

[9] Zhang, M., Yuan, B., Li, H., & Xu, K. (2024). LLM-cloud complete: Leveraging cloud
computing for efficient large language model-based code completion. Journal of Artificial
Intelligence General Science, 5(1), 295-326.

[10] Lei, H., Wang, B., Shui, Z., Yang, P., & Liang, P. (2024). Automated lane change
behavior prediction and environmental perception based on SLAM technology. arXiv
preprint arXiv:2404.04492.

[11] Wang, B., He, Y., Shui, Z., Xin, Q., & Lei, H. (2024). Predictive optimization of DDoS
attack mitigation in distributed systems using machine learning. Applied and
Computational Engineering, 64, 95-100.

[12] Wang, B., Zheng, H., Qian, K., Zhan, X., & Wang, J. (2024). Edge computing and Al-
driven intelligent traffic monitoring and optimization. Applied and Computational
Engineering, 77, 225-230.

[13] Xu, Y, Liu Y., Xu, H., & Tan, H. (2024). Al-driven UX/UI design: Empirical research
and applications in FinTech. International Journal of Innovative Research in Computer
Science & Technology, 12(4), 99-109.

[14] Liu, Y, Xu, Y., & Song, R. (2024). Transforming user experience (UX) through
artificial intelligence (Al) in interactive media design. Engineering Science & Technology
Journal, 5(7), 2273-2283.

[15] Zhang, P. (2024). A study on the location selection of logistics distribution centers
based on e-commerce. Journal of Knowledge Learning and Science Technology, 3(3), 103-
107.

[16] Zhang, P., & Liu, G. (2024). Optimization of vehicle scheduling for joint distribution
in logistics park based on priority. Journal of Industrial Engineering and Applied Science,
2(4), 116-121.

[17] Li, H., Wang, S. X., Shang, F., Niu, K., & Song, R. (2024). Applications of large
language models in cloud computing: An empirical study using real-world data.
International Journal of Innovative Research in Computer Science & Technology, 12(4),
59-69.

[18] Ping, G., Wang, S. X., Zhao, F., Wang, Z., & Zhang, X. (2024). Blockchain-based
reverse logistics data tracking: An innovative approach to enhance e-waste recycling
efficiency.

[19] Xu, H.,Niu, K., Lu, T., & Li, S. (2024). Leveraging artificial intelligence for enhanced
risk management in financial services: Current applications and future prospects.
Engineering Science & Technology Journal, 5(8), 2402-2426.

[20] Shi, Y., Shang, F., Xu, Z., & Zhou, S. (2024). Emotion-driven deep learning
recommendation systems: Mining preferences from user reviews and predicting scores.
Journal of Artificial Intelligence and Development, 3(1), 40-46.

[21] Wang, S., Xu, K., & Ling, Z. (2024). Deep learning-based chip power prediction and
optimization: An intelligent EDA approach. International Journal of Innovative Research
in Computer Science & Technology, 12(4), 77-87.

[22] Liu, B., Cai, G., Ling, Z., Qian, J., & Zhang, Q. (2024). Precise positioning and
prediction system for autonomous driving based on generative artificial intelligence.
Applied and Computational Engineering, 64, 42-49.



Hanzhe Li, Shiji Zhou , Bo Yuan , and Mingxuan Zhang 254

[23] Wang, S., Xu, K., & Ling, Z. (2024). Deep learning-based chip power prediction and
optimization: An intelligent EDA approach. International Journal of Innovative Research
in Computer Science & Technology, 12(4), 77-87.

[24] Shi, Y., Shang, F., Xu, Z., & Zhou, S. (2024). Emotion-driven deep learning
recommendation systems: Mining preferences from user reviews and predicting scores.
Journal of Artificial Intelligence and Development, 3(1), 40-46.

[25] Ping, G., Zhu, M., Ling, Z., & Niu, K. (2024). Research on optimizing logistics
transportation routes using Al large models. Applied Science and Engineering Journal for
Advanced Research, 3(4), 14-27.

[26] Liu, Y., Xu, Y., & Song, R. (2024). Transforming user experience (UX) through
artificial intelligence (Al) in interactive media design. Engineering Science & Technology
Journal, 5(7), 2273-2283.

[27] Shang, F., Shi, J., Shi, Y., & Zhou, S. (2024). Enhancing e-commerce recommendation
systems with deep learning-based sentiment analysis of user reviews. International Journal
of Engineering and Management Research, 14(4), 19-34.

[28] Yang, T, Li, A., Xu, J., Su, G., & Wang, J. (2024). Deep learning model-driven
financial risk prediction and analysis. Applied and Computational Engineering, 77, 196-
202.

[29] Cui, Z., Lin, L., Zong, Y., Chen, Y., & Wang, S. (2024). Precision gene editing using
deep learning: A case study of the CRISPR-Cas9 editor. Applied and Computational
Engineering, 64, 134-141.

[30] Cui, Z., Lin, L., Zong, Y., Chen, Y., & Wang, S. (2024). Precision gene editing using
deep learning: A case study of the CRISPR-Cas9 editor. Applied and Computational
Engineering, 64, 134-141.

[31] Zhou, Y., Zhan, T., Wu, Y., Song, B., & Shi, C. (2024). RNA secondary structure
prediction using transformer-based deep learning models. arXiv preprint
arXiv:2405.066535.

[32] Xin, Q., Xu, Z., Guo, L., Zhao, F., & Wu, B. (2024). IoT traffic classification and
anomaly detection method based on deep autoencoders. Applied and Computational
Engineering, 69, 64-70.

[33] Zhao, F., Zhang, M., Zhou, S., & Lou, Q. (2024). Detection of network security traffic
anomalies based on machine learning KNN method. Journal of Artificial Intelligence
General Science, 1(1), 209-218.

[34] Yang, M., Huang, D., Zhang, H., & Zheng, W. (2024). Al-enabled precision medicine:
Optimizing treatment strategies through genomic data analysis. Journal of Computer
Technology and Applied Mathematics, 1(3), 73-84.

[35] Wen, X., Shen, Q., Zheng, W., & Zhang, H. (2024). Al-driven solar energy generation
and smart grid integration: A holistic approach to enhancing renewable energy efficiency.
International Journal of Innovative Research in Engineering and Management, 11(4), 55-
55.

[36] Lou, Q. (2024). New development of administrative prosecutorial supervision with
Chinese characteristics in the new era. Journal of Economic Theory and Business
Management, 1(4), 79-88.



255 Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (Online), Volume 3, Issue 3, Sep. 2024

[37] Zhou, S., Yuan, B., Xu, K., Zhang, M., & Zheng, W. (2024). The impact of pricing
schemes on cloud computing and distributed systems. Journal of Knowledge Learning and
Science Technology, 3(3), 193-205.

[38] Sun,J., Wen, X., Ping, G., & Zhang, M. (2024). Application of news analysis based on
large language models in supply chain risk prediction. Journal of Computer Technology
and Applied Mathematics, 1(3), 55-65.

[39] Huang, D., Yang, M., Wen, X., Xia, S., & Yuan, B. (2024). Al-driven drug discovery:
Accelerating the development of novel therapeutics in biopharmaceuticals. Journal of
Knowledge Learning and Science Technology, 3(3), 206-224.

[40] Liu, Y., Tan, H., Cao, G., & Xu, Y. (2024). Enhancing user engagement through
adaptive UI/UX design: A study on personalized mobile app interfaces.

[41] Xu, H., Li, S., Niu, K., & Ping, G. (2024). Utilizing deep learning to detect fraud in
financial transactions and tax reporting. Journal of Economic Theory and Business
Management, 1(4), 61-71.

[42] Li, P, Hua, Y., Cao, Q., & Zhang, M. (2020, December). Improving the restore
performance via physical-locality middleware for backup systems. In Proceedings of the
21st International Middleware Conference (pp. 341-355).

[43] Zhou, S., Yuan, B., Xu, K., Zhang, M., & Zheng, W. (2024). The impact of pricing
schemes on cloud computing and distributed systems. Journal of Knowledge Learning and
Science Technology, 3(3), 193-205.

[44] Shang, F., Zhao, F., Zhang, M., Sun, J., & Shi, J. (2024). Personalized recommendation
systems powered by large language models: Integrating semantic understanding and user
preferences. International Journal of Innovative Research in Engineering and
Management, 11(4), 39-49.

[45] Xu, K., Zheng, H., Zhan, X., Zhou, S., & Niu, K. (2024). Evaluation and optimization
of intelligent recommendation system performance with cloud resource automation
compatibility.

[46] Xu, J., Zhu, B., Jiang, W., Cheng, Q., & Zheng, H. (2024, April). Al-based risk
prediction and monitoring in financial futures and securities markets. In The [3th
International Scientific and Practical Conference: Information and Innovative
Technologies in the Development of Society (pp. 222-321).



Hanzhe Li, Shiji Zhou , Bo Yuan , and Mingxuan Zhang 256

[1] Tariqg, A., Lakas, A., Sallabi, F. M., Qayyum, T., Serhani, M. A., & Baraka, E.
(2023). Empowering Trustworthy Client Selection in Edge Federated Learning Leveraging
Reinforcement Learning. In Proceedings of the Eighth ACM/IEEE Symposium on Edge
Computing (SEC '23) (pp. 372-377).

[2] Agbaje, P., Anjum, A., Talukder, Z., Islam, M., Nwafor, E., & Olufowobi, H.
(2023). FedCime: An Efficient Federated Learning Approach For Clients in Mobile Edge
Computing. In 2023 IEEE International Conference on Edge Computing and Communications
(EDGE) (pp. 215-220).

[3] Ahmed, K. M., Imteaj, A., & Amini, M. H. (2021). Federated Deep Learning
for Heterogeneous Edge Computing. In 2021 20th IEEE International Conference on Machine
Learning and Applications (ICMLA) (pp. 1146-1152).

[4] Niyas, S. K., & Sathya, P. (2023). Federated Learning Based Elderly Fall
Detection Using Edge Computing. In 2023 IEEE International Conference on Next Generation
Electronics (NEleX) (pp. 1-6).

[5] Mills, J., Hu, J., & Min, G. (2022). Multi-Task Federated Learning for
Personalised Deep Neural Networks in Edge Computing. IEEE Transactions on Parallel and
Distributed Systems, 33(3), 630-641.

[6] Li, S., Xu, H., Lu, T., Cao, G., & Zhang, X. (2024). Emerging Technologies in
Finance: Revolutionizing Investment Strategies and Tax Management in the Digital Era.
Management Journal for Advanced Research, 4(4), 35-49.

[7] Shi J, Shang F, Zhou S, et al. Applications of Quantum Machine Learning in
Large-Scale E-commerce Recommendation Systems: Enhancing Efficiency and Accuracy[J].
Journal of Industrial Engineering and Applied Science, 2024, 2(4): 90-103.

[8] Wang, S., Zheng, H., Wen, X., & Fu, S. (2024). DISTRIBUTED HIGH-
PERFORMANCE COMPUTING METHODS FOR ACCELERATING DEEP LEARNING
TRAINING. Journal of Knowledge Learning and Science Technology ISSN: 2959-6386
(online), 3(3), 108-126.

[9] Zhang, M., Yuan, B., Li, H.,, & Xu, K. (2024). LLM-Cloud Complete:
Leveraging Cloud Computing for Efficient Large Language Model-based Code Completion.
Journal of Artificial Intelligence General science (JAIGS) ISSN: 3006-4023, 5(1), 295-326.

[10] Lei, H., Wang, B., Shui, Z., Yang, P., & Liang, P. (2024). Automated Lane
Change Behavior Prediction and Environmental Perception Based on SLAM Technology.
arXiv preprint arXiv:2404.04492.

[11] Wang, B., He, Y., Shui, Z., Xin, Q., & Lei, H. (2024). Predictive Optimization



257 Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (Online), Volume 3, Issue 3, Sep. 2024

of DDoS Attack Mitigation in Distributed Systems using Machine Learning. Applied and
Computational Engineering, 64, 95-100.

[12] Wang, B., Zheng, H., Qian, K., Zhan, X., & Wang, J. (2024). Edge computing
and Al-driven intelligent traffic monitoring and optimization. Applied and Computational
Engineering, 77, 225-230.

[13] Xu, Y., Liu, Y., Xu, H., & Tan, H. (2024). AI-Driven UX/UI Design: Empirical
Research and Applications in FinTech. International Journal of Innovative Research in
Computer Science & Technology, 12(4), 99-109.

[14] Liu, Y., Xu, Y., & Song, R. (2024). Transforming User Experience (UX) through
Artificial Intelligence (Al) in interactive media design. Engineering Science & Technology
Journal, 5(7), 2273-2283.

[15] Zhang, P. (2024). A STUDY ON THE LOCATION SELECTION OF
LOGISTICS DISTRIBUTION CENTERS BASED ON E-COMMERCE. Journal of
Knowledge Learning and Science Technology ISSN: 2959-6386 (online), 3(3), 103-107.

[16] Zhang, P., & Gan, L. 1. U. (2024). Optimization of Vehicle Scheduling for Joint
Distribution in Logistics Park based on Priority. Journal of Industrial Engineering and Applied
Science, 2(4), 116-121.

[17] Li, H., Wang, S. X., Shang, F., Niu, K., & Song, R. (2024). Applications of
Large Language Models in Cloud Computing: An Empirical Study Using Real-world Data.
International Journal of Innovative Research in Computer Science & Technology, 12(4), 59-
69.

[18] Ping, G., Wang, S. X., Zhao, F., Wang, Z., & Zhang, X. (2024). Blockchain
Based Reverse Logistics Data Tracking: An Innovative Approach to Enhance E-Waste
Recycling Efficiency.

[19] Xu, H., Niu, K., Lu, T., & Li, S. (2024). Leveraging artificial intelligence for
enhanced risk management in financial services: Current applications and future prospects.
Engineering Science & Technology Journal, 5(8), 2402-2426.

[20] Shi, Y., Shang, F., Xu, Z., & Zhou, S. (2024). Emotion-Driven Deep Learning
Recommendation Systems: Mining Preferences from User Reviews and Predicting Scores.
Journal of Artificial Intelligence and Development, 3(1), 40-46.

[21] Wang, Shikai, Kangming Xu, and Zhipeng Ling. "Deep Learning-Based Chip
Power Prediction and Optimization: An Intelligent EDA Approach." International Journal of
Innovative Research in Computer Science & Technology 12.4 (2024): 77-87.

[22] Liu, B., Cai, G., Ling, Z., Qian, J., & Zhang, Q. (2024). Precise Positioning and



Hanzhe Li, Shiji Zhou , Bo Yuan , and Mingxuan Zhang 258

Prediction System for Autonomous Driving Based on Generative Artificial Intelligence.
Applied and Computational Engineering, 64, 42-49.

[23] Wang, S., Xu, K., & Ling, Z. (2024). Deep Learning-Based Chip Power
Prediction and Optimization: An Intelligent EDA Approach. International Journal of Innovative
Research in Computer Science & Technology, 12(4), 77-87.

[24] Shi, Y., Shang, F., Xu, Z., & Zhou, S. (2024). Emotion-Driven Deep Learning
Recommendation Systems: Mining Preferences from User Reviews and Predicting Scores.
Journal of Artificial Intelligence and Development, 3(1), 40-46.

[25] Ping, G., Zhu, M., Ling, Z., & Niu, K. (2024). Research on Optimizing Logistics
Transportation Routes Using Al Large Models. Applied Science and Engineering Journal for
Advanced Research, 3(4), 14-27.

[26] Liu, Y., Xu, Y., & Song, R. (2024). Transforming User Experience (UX) through
Artificial Intelligence (Al) in interactive media design. Engineering Science & Technology
Journal, 5(7), 2273-2283.

[27] Shang, F., Shi, J., Shi, Y., & Zhou, S. (2024). Enhancing E-Commerce
Recommendation Systems with Deep Learning-based Sentiment Analysis of User Reviews.
International Journal of Engineering and Management Research, 14(4), 19-34.

[28] Yang, T., Li, A., Xu, J., Su, G. and Wang, J., 2024. Deep learning model-driven
financial risk prediction and analysis. Applied and Computational Engineering, 77, pp.196-
202.

[29] Cui, Z., Lin, L., Zong, Y., Chen, Y., & Wang, S. (2024). Precision Gene Editing
Using Deep Learning: A Case Study of the CRISPR-Cas9 Editor. Applied and Computational
Engineering, 64, 134-141.

[30] Cui, Z., Lin, L., Zong, Y., Chen, Y., & Wang, S. (2024). Precision Gene Editing
Using Deep Learning: A Case Study of the CRISPR-Cas9 Editor. Applied and Computational
Engineering, 64, 134-141.

[31] Zhou, Y., Zhan, T., Wu, Y., Song, B., & Shi, C. (2024). RNA Secondary
Structure Prediction Using Transformer-Based Deep Learning Models. arXiv preprint
arXiv:2405.06655.

[32] Xin, Q., Xu, Z., Guo, L., Zhao, F., & Wu, B. (2024). IoT traffic classification
and anomaly detection method based on deep autoencoders. Applied and Computational
Engineering, 69, 64-70.

[33] Zhao, F., Zhang, M., Zhou, S., & Lou, Q. (2024). Detection of Network Security
Traffic Anomalies Based on Machine Learning KNN Method. Journal of Artificial Intelligence



259 Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (Online), Volume 3, Issue 3, Sep. 2024

General science (JAIGS) ISSN: 3006-4023, 1(1), 209-218.

[34] Yang, M., Huang, D., Zhang, H., & Zheng, W. (2024). Al-Enabled Precision
Medicine: Optimizing Treatment Strategies Through Genomic Data Analysis. Journal of
Computer Technology and Applied Mathematics, 1(3), 73-84.

[35] Wen, X., Shen, Q., Zheng, W., & Zhang, H. (2024). Al-Driven Solar Energy
Generation and Smart Grid Integration A Holistic Approach to Enhancing Renewable Energy
Efficiency. International Journal of Innovative Research in Engineering and Management,
11(4), 55-55.

[36] Lou, Q. (2024). New Development of Administrative Prosecutorial Supervision
with Chinese Characteristics in the New Era. Journal of Economic Theory and Business
Management, 1(4), 79-88.

[37] Zhou, S., Yuan, B., Xu, K., Zhang, M., & Zheng, W. (2024). THE IMPACT OF
PRICING SCHEMES ON CLOUD COMPUTING AND DISTRIBUTED SYSTEMS. Journal
of Knowledge Learning and Science Technology ISSN: 2959-6386 (online), 3(3), 193-205.

[38] Sun, J., Wen, X., Ping, G., & Zhang, M. (2024). Application of News Analysis
Based on Large Language Models in Supply Chain Risk Prediction. Journal of Computer
Technology and Applied Mathematics, 1(3), 55-65.

[39] Huang, D., Yang, M., Wen, X., Xia, S., & Yuan, B. (2024). AI-Driven Drug
Discovery: Accelerating the Development of Novel Therapeutics in Biopharmaceuticals.
Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (online), 3(3), 206-
224,

[40] Liu, Y., Tan, H., Cao, G., & Xu, Y. (2024). Enhancing User Engagement through
Adaptive UI/UX Design: A Study on Personalized Mobile App Interfaces.

[41] Xu, H., Li, S., Niu, K., & Ping, G. (2024). Utilizing Deep Learning to Detect
Fraud in Financial Transactions and Tax Reporting. Journal of Economic Theory and Business
Management, 1(4), 61-71.

[42] Li, P, Hua, Y., Cao, Q., & Zhang, M. (2020, December). Improving the Restore
Performance via Physical-Locality Middleware for Backup Systems. In Proceedings of the 21st
International Middleware Conference (pp. 341-355).

[43] Zhou, S., Yuan, B., Xu, K., Zhang, M., & Zheng, W. (2024). THE IMPACT OF
PRICING SCHEMES ON CLOUD COMPUTING AND DISTRIBUTED SYSTEMS. Journal
of Knowledge Learning and Science Technology ISSN: 2959-6386 (online), 3(3), 193-205.

[44] Shang, F., Zhao, F., Zhang, M., Sun, J., & Shi, J. (2024). Personalized

Recommendation Systems Powered By Large Language Models: Integrating Semantic



Hanzhe Li, Shiji Zhou , Bo Yuan , and Mingxuan Zhang 260

Understanding and User Preferences. International Journal of Innovative Research in
Engineering and Management, 11(4), 39-49.

[45] Xu, K., Zheng, H., Zhan, X., Zhou, S., & Niu, K. (2024). Evaluation and
Optimization of Intelligent Recommendation System Performance with Cloud Resource
Automation Compatibility.

[46] Xu, J., Zhu, B., Jiang, W., Cheng, Q., & Zheng, H. (2024, April). AI-BASED
RISK PREDICTION AND MONITORING IN FINANCIAL FUTURES AND SECURITIES
MARKETS. In The 13th International scientific and practical conference “Information and
innovative technologies in the development of society”(April 02—05, 2024) Athens, Greece.
International Science Group. 2024. 321 p. (p. 222).



