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Abstract 

Real-time session control is essential in modern distributed systems, 
especially in areas such as cybersecurity, IoT networks, cloud 
computing, and cyber-physical systems. Ensuring that system behavior 
adheres to predefined specifications has led to the use of temporal logic 
enforcement mechanisms. Formal models such as Linear Temporal 
Logic (LTL), Signal Temporal Logic (STL), and Metric Temporal Logic 
(MTL) provide frameworks for expressing time-dependent constraints. 
When integrated with runtime monitoring, these approaches enable 
continuous validation and correction of system behavior during 
execution. This paper presents a systematic review of studies published 
between 2018 and 2023, focusing on methods, architectures, and 
emerging trends in real-time session control. It highlights key 
approaches including rule-based enforcement, automata-based 
monitoring, and learning-assisted systems. Recent advancements 
integrate temporal logic with neural networks and graph-based models 
to improve adaptability and scalability. The review also examines 
architectures such as decentralized monitoring, edge-based 
enforcement, and hybrid cloud-edge systems designed to minimize 
latency. Despite progress, challenges remain in scalability, 
computational overhead, and expressiveness, indicating the need for 
more efficient and intelligent real-time enforcement solutions. 
 

 
Introduction 
Federated Learning (FL) has gained significant 
attention as a privacy-preserving machine 
learning paradigm that enables multiple clients 
to collaboratively train models without sharing 
their local data. Unlike traditional centralized 
learning approaches, FL allows data to remain on 
local devices, thereby reducing privacy risks and 
regulatory concerns. This decentralized 
framework is particularly useful in applications 
such as healthcare, finance, and IoT, where data 
sensitivity is a major concern. Despite its 
advantages, federated learning introduces 
several challenges, particularly in terms of 
security and stability. One of the key issues is the 
vulnerability of model updates and embeddings 

to adversarial attacks. Since clients share model 
parameters instead of raw data, attackers can 
exploit these updates to infer sensitive 
information or manipulate the learning process. 
For instance, model inversion and membership 
inference attacks can reveal private data from 
shared gradients. 
Embedding representations, which capture 
essential features of data in a lower-dimensional 
space, are particularly susceptible to such 
attacks. Ensuring the security and stability of 
these embeddings is therefore critical for 
maintaining the integrity of federated learning 
systems. Secure embedding stabilization refers 
to techniques that protect embedding 
representations from leakage and ensure 
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consistent convergence during training. Several 
studies have highlighted the importance of 
security mechanisms in federated learning. The 
decentralized nature of FL introduces 
vulnerabilities such as model poisoning, 
backdoor attacks, and gradient leakage . To 
address these challenges, researchers have 
developed various security models, including 
differential privacy, secure multi-party 
computation, and homomorphic encryption. 
These techniques aim to protect sensitive 
information while enabling collaborative 
learning. 
Another critical aspect of federated learning is 
optimization. The presence of non-independent 
and identically distributed (non-IID) data across 
clients can significantly affect model 
convergence. Studies have shown that non-IID 
data can reduce model accuracy and lead to 
unstable training processes . To overcome this 
issue, optimization techniques such as adaptive 
aggregation, regularization, and knowledge 
distillation have been proposed. Recent 
advancements have also focused on integrating 
machine learning techniques with security 
mechanisms. For example, embedding 
regularization methods have been used to 
stabilize model updates and improve robustness 
against adversarial attacks. Similarly, 
blockchain-based approaches have been 
explored to enhance trust and transparency in 
federated systems. 
Architecturally, federated learning systems have 
evolved from centralized aggregation models to 
decentralized and hierarchical frameworks. 
These architectures aim to improve scalability 
and reduce communication overhead. Edge 
computing has also been integrated with 
federated learning to enable real-time processing 
and reduce latency. Applications of secure 
federated learning are rapidly expanding across 
various domains. In healthcare, FL enables 
collaborative training of diagnostic models 
without sharing patient data. In IoT systems, it 
supports distributed intelligence for smart 
devices. In recommendation systems, it ensures 
user privacy while delivering personalized 
services. These applications highlight the 
importance of secure embedding stabilization in 
real-world scenarios. 
More recently, hybrid approaches that combine 
security and optimization techniques have 
gained attention. For example, adaptive 
differential privacy mechanisms adjust noise 
levels dynamically based on training progress, 
achieving a better balance between privacy and 
performance. Similarly, knowledge distillation 
techniques enable clients to share compressed 
representations of knowledge instead of raw 

embeddings, reducing both communication 
overhead and privacy risks. The integration of 
emerging technologies such as blockchain and 
edge computing has further enhanced the 
capabilities of federated learning systems. 
Blockchain provides a decentralized and tamper-
proof mechanism for recording model updates, 
ensuring transparency and trust among 
participants. Edge computing, on the other hand, 
enables real-time processing by performing 
computations closer to data sources, reducing 
latency and improving efficiency. 
Applications of secure embedding stabilization in 
federated learning are rapidly expanding across 
various domains. In healthcare, federated 
learning enables hospitals to collaboratively 
train diagnostic models without sharing patient 
data, ensuring compliance with privacy 
regulations. In IoT systems, it supports 
distributed intelligence for smart devices, 
enabling real-time decision-making. In 
recommendation systems, it allows personalized 
services while preserving user privacy. Despite 
these advancements, several challenges remain. 
One of the primary issues is the trade-off 
between privacy, accuracy, and efficiency. 
Stronger security mechanisms often lead to 
increased computational overhead and reduced 
model performance. Additionally, the scalability 
of federated learning systems is limited by 
communication constraints and the need for 
synchronization among clients. 
However, several challenges remain. The trade-
off between privacy and model performance is a 
major concern, as stronger privacy mechanisms 
often reduce accuracy. Additionally, 
communication overhead and computational 
complexity can limit the scalability of federated 
learning systems. Ensuring robustness against 
sophisticated adversarial attacks is another 
critical challenge. This paper provides a 
comprehensive review of secure embedding 
stabilization in federated learning, focusing on 
security models, optimization techniques, and 
emerging applications. By analyzing recent 
studies, we aim to identify key trends, challenges, 
and future research directions in this rapidly 
evolving field. 
  
Literature Review  
 McMahan et al. (2018) – Communication-
Efficient Federated Learning. McMahan et al. 
introduced the foundational framework for 
federated learning, focusing on communication-
efficient model training. The study highlights the 
importance of decentralized learning and 
establishes the basis for embedding sharing 
across clients. However, it also exposes 
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vulnerabilities related to gradient leakage and 
embedding privacy. 
Zhao et al. (2018) – Federated Learning with 
Non-IID Data. Zhao et al. analyze the impact of 
non-IID data on federated learning performance. 
The study shows that heterogeneous data 
distributions lead to unstable embeddings and 
reduced accuracy. The authors propose data-
sharing strategies to stabilize training and 
improve convergence . 
Domingo-Ferrer et al. (2021) – Secure Federated 
Learning via Co-Utility. This study introduces a 
co-utility-based framework for secure federated 
learning. The approach ensures privacy through 
decentralized protocols and protects 
embeddings from leakage. It also provides 
robustness against poisoning attacks while 
maintaining model accuracy. 
Mothukuri et al. (2021) – Security and Privacy 
Survey in FL. Mothukuri et al. provide a 
comprehensive survey of security threats in 
federated learning, including embedding leakage 
and adversarial attacks. The study categorizes 
defense mechanisms such as encryption, secure 
aggregation, and differential privacy. 
Zhang et al. (2021) – Survey on Federated 
Learning. This study presents a broad overview 
of federated learning, including optimization 
challenges and security concerns. It highlights 
the importance of embedding stabilization and 
introduces various techniques for improving 
model robustness. 
Bonawitz et al. (2019) – Secure Aggregation for 
Federated Learning. Bonawitz et al. propose a 
secure aggregation protocol that enables clients 
to share encrypted model updates without 
revealing individual contributions. This 
approach protects embedding representations 
from exposure during communication. The 
protocol is scalable and widely adopted in 
practical federated learning systems, forming a 
cornerstone for embedding security. 
Geyer et al. (2019) – Differentially Private 
Federated Learning. Geyer et al. introduce 
differential privacy mechanisms into federated 
learning by adding noise to model updates. This 
technique prevents attackers from inferring 
sensitive information from embeddings. The 
study demonstrates that privacy can be 
preserved with minimal impact on model 
performance, although excessive noise may 
reduce accuracy. 
Bagdasaryan et al. (2020) – Model Poisoning 
Attacks in FL. Bagdasaryan et al. explore model 
poisoning attacks in federated learning, where 
malicious clients manipulate embeddings to 
degrade model performance or introduce 
backdoors. The study highlights the vulnerability 
of embedding representations and emphasizes 

the need for robust stabilization and defense 
mechanisms. 
Xie et al. (2020) – Differential Privacy Against 
Gradient Leakage. Xie et al. propose a privacy-
preserving framework to defend against gradient 
leakage attacks. By applying differential privacy 
and gradient clipping, the approach stabilizes 
embeddings while protecting sensitive 
information. The results show improved 
resistance to inference attacks. 
Karimireddy et al. (2020) – SCAFFOLD 
Optimization Algorithm. Karimireddy et al. 
introduce SCAFFOLD, an optimization algorithm 
designed to address client drift in federated 
learning. By correcting local updates, the method 
improves convergence stability and reduces 
variance in embeddings across clients. This 
approach significantly enhances training stability 
in non-IID environments. 
Kairouz et al. (2021) – Advances and Open 
Problems in Federated Learning. Kairouz et al. 
provide a comprehensive overview of federated 
learning, focusing on challenges such as security, 
privacy, and optimization. The study highlights 
embedding instability caused by heterogeneous 
data and proposes future directions for secure 
and stable federated learning systems. It serves 
as a foundational reference for understanding 
embedding stabilization challenges. 
Truex et al. (2020) – Hybrid Privacy Techniques 
in FL. Truex et al. explore hybrid privacy-
preserving techniques that combine differential 
privacy with secure multi-party computation. 
The approach enhances embedding protection 
while maintaining model accuracy. The study 
demonstrates that combining multiple security 
mechanisms improves robustness against 
attacks. 
Nasr et al. (2019) – Comprehensive Privacy 
Analysis in FL. Nasr et al. analyze privacy risks in 
federated learning, focusing on gradient leakage 
and inference attacks. The study shows how 
embeddings can reveal sensitive information and 
proposes defense strategies such as 
regularization and noise injection. 
Li et al. (2020) – FedProx Optimization 
Algorithm. Li et al. introduce FedProx, an 
optimization algorithm designed to handle 
system heterogeneity in federated learning. The 
method adds a proximal term to stabilize local 
updates and improve convergence. This 
approach reduces embedding divergence across 
clients and enhances stability. 
Sun et al. (2019) – Secure Aggregation with 
Robustness Guarantees. Sun et al. propose an 
enhanced secure aggregation method that 
includes robustness guarantees against 
malicious clients. The approach ensures that 
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embedding updates remain secure while 
detecting anomalies in client contributions. 
Aono et al. (2017/2018 extended) – Privacy-
Preserving Deep Learning with Homomorphic 
Encryption. Aono et al. propose a homomorphic 
encryption-based framework for secure 
federated learning. The approach allows 
computations on encrypted data, ensuring that 
embedding representations remain private 
throughout the training process. Although 
computationally expensive, this method provides 
strong security guarantees. 
Melis et al. (2019) – Exploiting Unintended 
Feature Leakage. Melis et al. demonstrate how 
embedding representations in collaborative 
learning systems can leak sensitive information. 
The study highlights the risks of feature leakage 
and emphasizes the need for embedding 
stabilization techniques to prevent such 
vulnerabilities. 
Pillutla et al. (2019/2020) – Robust Aggregation 
for FL. Pillutla et al. introduce robust aggregation 
techniques designed to mitigate the impact of 
malicious clients. By filtering out abnormal 
updates, the approach stabilizes embeddings and 
improves overall model robustness in 
adversarial settings. 
Wang et al. (2021) – Adaptive Federated 
Optimization. Wang et al. propose adaptive 
optimization techniques that dynamically adjust 
learning rates based on client behavior. This 
approach improves convergence stability and 
reduces embedding divergence in heterogeneous 
environments. 
Yu et al. (2020) – Blockchain-Based Federated 
Learning. Yu et al. integrate blockchain 
technology with federated learning to enhance 
security and trust. The decentralized ledger 
ensures transparency and prevents tampering 
with embedding updates. This approach 
strengthens security in distributed 
environments. 
 Li et al. (2021) – Differential Privacy with 
Adaptive Noise Injection. Li et al. propose an 
adaptive differential privacy mechanism where 
noise levels are dynamically adjusted based on 
training progress. This approach improves the 
balance between privacy and accuracy while 
stabilizing embedding updates across federated 
clients. 
 Nguyen et al. (2021) – Federated Learning for 
IoT Systems. Nguyen et al. explore federated 
learning in IoT environments, focusing on secure 
embedding transmission and lightweight 
optimization techniques. The study emphasizes 
the need for efficient stabilization methods due 
to limited computational resources in IoT 
devices. 

Chen et al. (2022) – Knowledge Distillation in 
Federated Learning. Chen et al. introduce a 
knowledge distillation-based approach to 
improve model performance and embedding 
stability. By sharing distilled knowledge instead 
of raw embeddings, the method enhances privacy 
and reduces communication overhead. 
Huang et al. (2022) – Robust Federated Learning 
via Regularization. Huang et al. propose 
regularization techniques to stabilize embedding 
updates and improve robustness against 
adversarial attacks. The approach reduces 
overfitting and ensures consistent convergence 
across clients. 
Zhang et al. (2022) – Secure Multi-Party 
Computation in FL. Zhang et al. apply secure 
multi-party computation (SMPC) to federated 
learning, enabling secure collaboration among 
clients without exposing embeddings. The study 
demonstrates strong privacy guarantees with 
acceptable computational overhead. 
Zhao et al. (2022) – Personalized Federated 
Learning with Embedding Alignment. Zhao et al. 
propose a personalized federated learning 
framework that aligns embeddings across 
clients. The method reduces divergence caused 
by non-IID data and improves stability. It also 
enhances model personalization while 
maintaining global consistency. 
Xu et al. (2023) – Secure Aggregation with Fault 
Tolerance. Xu et al. introduce a fault-tolerant 
secure aggregation mechanism that ensures 
robustness against dropped or malicious clients. 
The approach stabilizes embedding updates and 
improves reliability in large-scale federated 
systems. 
Liu et al. (2023) – Adversarially Robust 
Federated Learning. Liu et al. propose 
adversarial training techniques for federated 
learning to protect embeddings against 
poisoning attacks. The study demonstrates 
improved robustness and stable convergence 
under adversarial conditions. 
Kim et al. (2023) – Federated Learning with Edge 
Computing. Kim et al. integrate edge computing 
with federated learning to improve real-time 
processing and reduce communication overhead. 
The approach enhances embedding stability by 
enabling faster local updates and efficient 
aggregation. 
Wang et al. (2023) – Comprehensive Survey on 
Secure Federated Learning. Wang et al. provide a 
comprehensive survey covering security models, 
optimization techniques, and applications in 
federated learning. The study highlights 
embedding stabilization as a critical challenge 
and identifies future research directions. 
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Comparative Table  
No. Author (Year) Method Type Key Contribution 

1 McMahan (2018) FedAvg Optimization Base FL framework 

2 Zhao (2018) Non-IID analysis Analysis Stability issue 

3 Domingo-Ferrer (2021) Co-utility Security Privacy protection 

4 Mothukuri (2021) Survey Survey Threat analysis 

5 Zhang (2021) FL survey Survey Overview 

6 Bonawitz (2019) Secure aggregation Security Encryption 

7 Geyer (2019) Differential privacy Security Noise protection 

8 Bagdasaryan (2020) Poisoning attack Attack Vulnerability 

9 Xie (2020) DP defense Security Gradient protection 

10 Karimireddy (2020) SCAFFOLD Optimization Stability 

11 Kairouz (2021) FL challenges Survey Open problems 

12 Truex (2020) Hybrid privacy Security Combined defense 

13 Nasr (2019) Privacy attack Attack Leakage 

14 Li (2020) FedProx Optimization Stabilization 

15 Sun (2019) Secure aggregation Security Robustness 

16 Aono (2018) Homomorphic encryption Security Data protection 

17 Melis (2019) Feature leakage Attack Risk analysis 

18 Pillutla (2020) Robust aggregation Defense Attack mitigation 

19 Wang (2021) Adaptive optimization Optimization Convergence 

20 Yu (2020) Blockchain FL Architecture Trust 

21 Li (2021) Adaptive DP Security Balance privacy 

22 Nguyen (2021) IoT FL Application Efficiency 

23 Chen (2022) Knowledge distillation Optimization Stability 

24 Huang (2022) Regularization Optimization Robustness 

25 Zhang (2022) SMPC Security Privacy 

26 Zhao (2022) Embedding alignment Optimization Stability 

27 Xu (2023) Fault tolerance Security Reliability 

28 Liu (2023) Adversarial training Defense Robustness 

29 Kim (2023) Edge FL Architecture Efficiency 

30 Wang (2023) Survey Survey Future scope 

 
Comparative Analysis 
The analysis of the 30 selected studies highlights 
the evolution of secure embedding stabilization 
in federated learning: 
1. Early Phase (2018–2019) 

 Focus on foundational FL models and 
privacy risks  

 Identification of embedding leakage and 
instability  

 Introduction of differential privacy and 
secure aggregation  

2. Development Phase (2020–2021) 
 Emergence of optimization techniques 

(FedProx, SCAFFOLD)  
 Focus on stabilization and convergence  
 Introduction of hybrid security models  

 3. Advanced Phase (2022–2023) 

 Integration with AI techniques 
(knowledge distillation, adversarial 
training)  

 Use of blockchain and edge computing  
 Focus on real-world applications  

      Key Insights 
 Security and optimization are tightly 

coupled  
 Embedding stabilization improves both 

accuracy and robustness  
 Hybrid approaches provide better 

performance  
      Challenges 

 Trade-off between privacy and accuracy  
 Communication overhead  
 Non-IID data issues  
 Scalability limitations  
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Discussion  
Secure embedding stabilization in federated 
learning has become a central research area due 
to the increasing adoption of decentralized 
machine learning systems. The reviewed studies 
demonstrate that embedding representations, 
while essential for model performance, are 
highly vulnerable to privacy attacks and 
instability caused by heterogeneous data 
distributions. 
One of the most significant observations is the 
strong relationship between security and 
optimization. Techniques such as differential 
privacy and secure aggregation primarily focus 
on protecting embeddings, while optimization 
methods such as FedProx and SCAFFOLD aim to 
stabilize training. However, these two aspects are 
often interdependent. For instance, adding noise 
for privacy can destabilize embeddings, 
requiring advanced optimization techniques to 
maintain convergence. 
Another important trend is the emergence of 
hybrid approaches that combine multiple 
techniques. For example, integrating differential 
privacy with secure multi-party computation 
provides stronger security guarantees while 
maintaining performance. Similarly, combining 
adversarial training with regularization 
improves robustness against attacks. 
The integration of advanced technologies such as 
blockchain and edge computing further enhances 
federated learning systems. Blockchain ensures 
transparency and trust, while edge computing 
reduces latency and communication overhead. 
These technologies are particularly important for 
real-time applications such as IoT and 
autonomous systems. 
Despite these advancements, several challenges 
remain. The trade-off between privacy and 
accuracy is a major concern, as stronger privacy 
mechanisms often degrade model performance. 
Additionally, communication overhead remains a 
bottleneck in large-scale federated systems. Non-
IID data distribution continues to affect 
convergence and embedding stability. 
Future research should focus on developing 
adaptive and scalable solutions that balance 
privacy, accuracy, and efficiency. The use of 
machine learning techniques to dynamically 
adjust security parameters and optimization 
strategies is a promising direction. Furthermore, 
improving the interpretability of federated 
learning models can enhance trust and usability. 
  
Conclusion  
Federated learning has emerged as a powerful 
paradigm for decentralized machine learning, 
enabling collaborative model training while 
preserving data privacy. However, the 

decentralized nature of federated learning 
introduces significant challenges related to 
security, privacy, and model stability. Among 
these challenges, secure embedding stabilization 
plays a critical role in ensuring the reliability and 
robustness of federated learning systems. 
This comprehensive review analyzed 30 studies 
published between 2018 and 2023, focusing on 
security models, optimization techniques, and 
emerging applications in federated learning. The 
findings reveal that embedding representations 
are highly vulnerable to various attacks, 
including gradient leakage, model inversion, and 
poisoning attacks. These vulnerabilities highlight 
the need for effective security mechanisms to 
protect sensitive information. 
Security techniques such as differential privacy, 
secure aggregation, homomorphic encryption, 
and secure multi-party computation have been 
widely adopted to address these challenges. 
These methods provide strong privacy 
guarantees by protecting embedding updates 
during communication and computation. 
However, they often introduce additional 
computational overhead and may impact model 
accuracy. 
Optimization techniques play a crucial role in 
stabilizing embeddings and improving 
convergence. Methods such as FedProx, 
SCAFFOLD, and adaptive optimization 
algorithms help address issues related to non-IID 
data and client heterogeneity. These techniques 
ensure consistent training and reduce 
embedding divergence across clients. 
The integration of advanced technologies such as 
blockchain and edge computing further enhances 
the capabilities of federated learning systems. 
Blockchain provides transparency and trust, 
while edge computing reduces latency and 
communication overhead. These technologies 
enable real-time applications and improve 
system scalability. 
Despite significant progress, several challenges 
remain. The trade-off between privacy and 
accuracy is a major limitation, as stronger 
security mechanisms often reduce model 
performance. Communication overhead and 
computational complexity also pose challenges 
for large-scale deployments. Additionally, 
ensuring robustness against sophisticated 
adversarial attacks requires further research. 
Future research directions include the 
development of adaptive and hybrid approaches 
that combine security and optimization 
techniques. The use of machine learning models 
to dynamically adjust parameters and improve 
performance is a promising area. Furthermore, 
improving the scalability and efficiency of 
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federated learning systems will be critical for 
real-world applications. 
In conclusion, secure embedding stabilization is 
essential for the successful deployment of 
federated learning systems. By addressing 
existing challenges and exploring new research 
directions, it is possible to develop robust, 
scalable, and secure federated learning 
frameworks capable of operating in dynamic and 
adversarial environments. 
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