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Abstract

With more and more companies moving to cloud platforms, adequate cloud security is the topmost priority for
organizations today. Conventional security tools never identify sophisticated cyber-attacks, and thus Al-based real-time
anomaly detection is the need of the hour. This research investigates the application of cutting-edge machine learning,
deep learning, and security analytics in identifying and handling security anomalies from cloud logs. Our methodology
utilizes hybrid Al models, federated learning, and graph neural networks to provide more accurate detection without
breaching data privacy. Furthermore, the use of quantum-resilient cryptographic models and zero-trust principles
further enhances cloud security. Cloud-native scalable technologies, decentralized security models, and real-time
automated incident response systems are also utilized in this research, and hence, it is an end-to-end, adaptive, and
high-performance security solution for multi-clouds.

Keywords: Federated Learning; Quantum-Resilient Security; Zero-Trust Al; Graph Neural Networks; Self-Supervised
Anomaly Detection

1 Introduction

The mass proliferation of cloud platforms has transformed digital infrastructure into elastic, on-demand resources
available to businesses. The revolution, though, was not without serious security issues. Legacy security controls,
including rule-based intrusion detection systems (IDS) and security information and event management (SIEM)
systems, are unable to detect contemporary and dynamic cyber threats. Legacy methods, for instance, signature-based
IDS and heuristic analysis, do not include real-time detection mechanisms for attacks, particularly advanced persistent
threats (APTs) and zero-day threats.

One of the key drawbacks of rule-based security products is that they are based on pre-defined signatures and hence
do not have the capability to respond to new and adaptive attack vectors in the cloud. Furthermore, attacker
manipulations and the ephemeral nature of cyber threats make such methods ineffective. To counter these issues,
Artificial Intelligence (Al) powered anomaly detection has proven to be a suitable solution for cloud security. Machine
learning (ML) and deep learning (DL) models employ artificial intelligence to discriminate between abnormal traffic
and normal cloud activity in an effort to perform proactive threat detection.

A key benefit of SSL is the fact that it can automatically extract relevant patterns from unlabeled security logs and
minimize human intervention with enhanced detection accuracy. The other benefit is that Graph Neural Networks
improve security monitoring because they represent cloud interactions as formal graphs and thus make detection of
sophisticated multi-step attacks like privilege escalation and lateral movement easier.

In this paper, we present an Al-based anomaly detection mechanism for cloud security that ensures privacy and
quantum attack robustness. Our model employs federated intelligence, self-supervised learning, zero-trust Al, and real-
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time automated response to implement an adaptive, scalable, and future-proof security solution for next-generation
cloud systems.

2 Literature Survey

As the size and complexity of cyber-attacks on cloud infrastructure grow, there has been more emphasis on Al-driven
anomaly detection in security logs via recent studies. Conventional security mechanisms like signature-based IDS and
rule-based analysis are unable to recognize new attack patterns and therefore are in need of more sophisticated Al-
driven ones.

2.1 Machine Learning and Deep Learning for Cloud Security

Recent studies have investigated the use of machine learning (ML) and deep learning (DL) algorithms to improve
detection precision and remove false positives. Both of these have shown unprecedented progress compared to
conventional security systems. Federated learning (FL) has also been identified as a suitable method for collaborative
threat detection in different cloud configurations with data privacy protection.

2.2  Graph-Based Anomaly Detection

Graph-based security analytics is picking up steam, with Graph Neural Networks (GNNs) being used to identify
malicious activity by examining dependencies and relationships between security logs. By representing cloud
interactions as structured graphs, GNNs enable the identification of sophisticated attack patterns like lateral movement
and privilege escalation.

2.3  Self-Supervised Learning for Anomaly Detection

Another research area with potential is employing self-supervised learning (SSL) to allow the models to learn useful
representations from raw security logs directly without labeled data. This greatly improves the accuracy of anomaly
detection by learning from unstructured log information.

2.4  Zero-Trust Architectures and Al-Driven Security

Zero-trust security architecture is being merged with Al-driven architecture to add continuous authentication and
dynamic access control to protect the cloud further.

2.5 Quantum-Resilient Security

It is a future area of research that deals with Al-based system security using quantum-resistant cryptographic methods.
With the emergence of quantum computing attacks, the cryptography strength must be ensured to preserve the
integrity of cloud security.

2.6  Security Orchestration, Automation, and Response (SOAR)

Artificial intelligence-based Security Orchestration, Automation, and Response (SOAR) solutions have come into the
picture to automate threat suppression and incident response in real time. The solutions facilitate rapid decision-
making to limit the scope of security breaches in cloud environments.

Here’s a refined version of the sections on Federated Learning for Privacy-Preserving Anomaly Detection and Self-
Supervised Learning for Unlabeled Security Log Analysis, improving clarity, coherence, and readability while
maintaining technical accuracy.

2.7  Privacy-Preserving Anomaly Detection Using Federated Learning

Federated Learning (FL) has gained significant attention in cybersecurity as a privacy-preserving Al technique that
enables distributed threat intelligence without requiring centralized data storage. By decentralizing anomaly detection
training across multiple cloud infrastructures, FL enhances security compliance, making it particularly suitable for
highly regulated industries such as finance and healthcare.

A common approach involves deploying heterogeneous anomaly detection models across different cloud environments

(e.g., AWS, Azure, GCP) and periodically aggregating model updates through Federated Averaging (FedAvg). This
approach ensures that no raw security logs are shared, thereby maintaining data privacy. However, FL introduces
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security risks such as model inversion attacks, which can be mitigated using homomorphic encryption and differential
privacy techniques.

Deep learning models, including autoencoders, Long Short-Term Memory (LSTM) networks, and Variational
Autoencoders (VAEs), are widely used in FL-based security frameworks to detect anomalies in distributed logs. The
primary advantage of FL is its ability to generalize across diverse datasets while preserving privacy. However,
challenges such as non-IID (non-identically distributed) data and high communication overhead persist.

To address these challenges, splitlearning and hierarchical federated learning approaches optimize model performance
and reduce network latency. Integrating FL into cloud security frameworks significantly enhances real-time anomaly
detection capabilities while ensuring strong privacy guarantees.

2.8 Self-Supervised Learning for Unlabeled Security Log Analysis

Self-Supervised Learning (SSL) has emerged as a powerful technique for cybersecurity, enabling models to learn from
vast amounts of unlabeled security logs. Unlike supervised learning, which requires extensive labeled datasets, SSL
autonomously extracts meaningful representations from raw logs, making it particularly effective for detecting zero-
day threats in cloud environments.

One widely adopted SSL approach is contrastive learning, implemented using frameworks such as SimCLR and MoCo.
These methods train models to differentiate between normal and anomalous behaviors by leveraging contextual
similarities in security logs. Additionally, transformer-based architectures, such as LogBERT (a BERT model adapted
for security logs) and Time-Series Transformers, have been employed to analyze sequential log data and detect
anomalies more effectively.

A key challenge in SSL-based security frameworks is the design of effective pretext tasks that generate learning
objectives. Common techniques include:

e Log masking - Hiding portions of security logs and predicting missing segments.
e Anomaly reconstruction - Learning to reconstruct normal logs while detecting deviations.
e Predictive modeling - Training models to forecast expected log sequences and flag abnormalities.

To enhance detection capabilities, pseudo-labeling strategies are applied, allowing the model to autonomously learn
rare attack patterns. Research has shown that SSL-based anomaly detection significantly outperforms manually
annotated approaches, making it a viable solution for adaptive cybersecurity frameworks.

By integrating reinforcement learning, SSL-based cloud security systems can continuously adapt to emerging threats
by learning from real-time threat intelligence. This results in an autonomous and scalable security solution capable of
detecting complex and evolving cyber threats with minimal human intervention.

2.9 Zero-Trust Al for Adaptive Cloud Security

Zero Trust Architecture (ZTA) is emerging as a fundamental security paradigm, built on the principles of continuous
verification, enforced least privilege, and dynamic threat assessment. When combined with Al-driven anomaly
detection, ZTA enables real-time monitoring of user access patterns and behavioral analytics to prevent unauthorized
intrusions into cloud environments.

An Al-powered ZTA framework employs real-time behavioral analytics, where a user’s cloud activities are continuously
scored based on historical access logs. Reinforcement learning-based security policies dynamically adjust
authentication mechanisms, reducing false positives and enhancing adaptive access control. Additionally, Al-driven
micro-segmentation isolates workloads in cloud environments to contain potential security breaches, minimizing the
attack surface.

A critical component of federated identity management in Zero Trust security is blockchain-based authentication via
Decentralized Identity (DID) protocols. These mechanisms ensure tamper-proof access control and mitigate insider
threats. Cloud-native security tools such as AWS Identity Center and Google BeyondCorp leverage Al-driven ZTA to
enforce contextual authentication and access policies.
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However, large-scale ZTA implementations face challenges such as scalability and latency in handling massive
authentication requests. Edge Al optimizations and policy-based access control mechanisms address these issues,
ensuring seamless low-latency authentication. Ultimately, Al-driven ZTA enhances cloud security by proactively
mitigating evolving threats while maintaining compliance with regulatory standards.

2.10 Quantum-Resilient Cryptography for Al-Driven Security Logs

As quantum computing advances, traditional cryptographic methods used in Al-powered security analytics risk
becoming obsolete. Al-driven anomaly detection models, which are integral to cloud security, are particularly
vulnerable to quantum-enabled cyber threats. To address this, Post-Quantum Cryptography (PQC) has emerged as a
viable solution to ensure long-term data security and resilience.

Modern implementations of PQC in cloud security utilize lattice-based cryptographic schemes, such as NTRUEncrypt
and Kyber, which provide resistance against quantum decryption techniques like Shor’s algorithm. Two principal
approaches to integrating PQC into Al-based anomaly detection include:

e Training Al models on encrypted cloud logs using Fully Homomorphic Encryption (FHE), allowing security
analytics without the need for decryption.

e Hybrid cryptographic approaches, which combine classical and quantum-resistant algorithms to optimize
performance while maintaining security.

A significant challenge in PQC-based Al security is the high computational overhead associated with quantum-safe
encryption. To mitigate this, quantum-inspired optimization techniques enhance real-time security analytics and
improve the efficiency of Al-powered threat detection models.

Leading cloud providers, including Google Cloud and AWS, are actively incorporating PQC into their security
frameworks to ensure future-proof cloud security. By integrating Al-driven PQC, cloud security systems can become
both quantum-resilient and high-performance, enabling next-generation anomaly detection in an era of quantum
computing.

This state-of-the-art approach to Al-powered anomaly detection in cloud security logs presents a comprehensive
strategy to enhance privacy-preserving security intelligence. By leveraging Graph Neural Networks (GNNs), anomaly
detection is modeled as a relational problem over cloud traffic, enabling enhanced detection while preserving privacy
via federated learning.

Furthermore, self-supervised learning (SSL) reduces dependency on labeled data, improving adaptability in detecting
emerging cyber threats. Al-driven Zero Trust security frameworks continuously adjust to unauthorized access risks,
and quantum-resilient cryptographic techniques ensure long-term security of Al-driven cloud anomaly detection
systems.

Future cloud security frameworks will greatly benefit from integrating these advanced methodologies, resulting in more
accurate, efficient, and resilient defenses against the rapidly evolving cyber threat landscape.

3 Materials and Methods

To build a strong anomaly detection platform using Al, cloud security logs were gathered from various sources such as
AWS CloudTrail, Azure Monitor, and Google Chronicle along with open-source data sources such as CICIDS and DARPA.
The logs contain authentication activities, API usage patterns, network traffic, and system interactions, and offer a
varied dataset for anomaly detection.

3.1 Data Preprocessing and Feature Engineering

Preprocessing pipeline consisted of:
¢ Lognormalization to make them uniform across multiple cloud environments.
¢ Noise filtering for removing noise or redundant records.

e TF-IDF, Word2Vec, and Transformer-based embedding-based feature extraction for extracting meaningful
insights from unstructured logs.
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Besides, graph forms of security logs were structured with cloud resources as nodes and interaction as edges in order
to support structured anomaly detection.

3.2 Al Model Architecture for Anomaly Detection

The system encompasses several Al methodologies:

e Self-Supervised Learning (SSL): SimCLR and LogBERT learn from unlabeled logs without human annotation.

e  Graph Neural Networks (GNNs): Graph Attention Networks (GATs) and Graph Convolutional Networks (GCNs)
identify coordinated attack patterns through relation-based analysis of cloud entities.

¢ Temporal Anomaly Detection: Long Short-Term Memory (LSTM) networks and Variational Autoencoders
(VAEs) identify anomalies in sequential security events.

The combined approach enhances detection accuracy and flexibility.

3.3 Federated Learning for Privacy-Preserving Anomaly Detection

For preserving the data privacy, Federated Learning (FL) was employed and facilitated multi-cloud environment
anomaly detection without centralization of sensitive logs. The Federated Averaging (FedAvg) algorithm combines
model updates locality-preserving. Differential privacy and homomorphic encryption make the model's adversarial
inference impossible.

A Hierarchical FL framework was proposed to minimize communication overhead by geographically clustering cloud
instances prior to global model updates aggregation. This made cross-cloud anomaly detection efficient while being
regulation-compliant.

3.4  Zero-Trust Al for Cloud Security
Borrowed from Zero-Trust Architecture (ZTA), Zero-Trust Al enforces:
¢ Ongoing authentication and least-privilege access control with reinforcement learning-based security policies.
e Risk scoring of users in real-time based on past access behaviors.
e Micro-segmentation to quarantine cloud workloads from lateral movement attacks.
e Blockchain-based Decentralized Identity (DID) protocols for tamper-evident authentication.
e Edge Al acceleration to minimize latency on high-traffic cloud infrastructures.
3.5 Quantum-Resilient Cryptography for Al-Driven Security

To combat probable quantum threats, Post-Quantum Cryptography (PQC) was added to Al-driven anomaly detection.
Lattice-based cryptographic schemes (Kyber, NTRUEncrypt) safeguard logs and models against quantum decryption
attacks.

Fully Homomorphic Encryption (FHE) was used to carry out security log analysis of encrypted data without decryption.

A hybrid cryptosystem model was used to blend classical cryptography with quantum-resistant methods for the best
computational efficiency.
3.6 Cloud-Native Deployment and Improved Performance
The anomaly detection tool was deployed in a cloud-native mode by utilizing:
e Kubernetes and Docker for scalable deployment across cloud instances.
e Apache Spark and Kafka for real-time streaming of logs and distributed processing.

¢ PyTorch and TensorFlow for model deep learning pipelines.
¢ Google Security Command Center, Azure Sentinel, and AWS Security Hub for automated threat detection.

Performance was measured with:
¢ Detection accuracy metrics: F1-score, recall, and precision.

« False Positive Rate (FPR) analysis to avoid false alarms.
e Latency and scalability benchmarks to measure real-time response in multi-cloud.
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e Adversarial robustness testing to validate evasion attack resistance.

3.7 Security Orchestration and Automated Response
Security Orchestration, Automation, and Response (SOAR) platform was used for programmatic incident response,
taking advantage of:

e Al-driven honeypots to entice attackers and study their activity.
e Threat intelligence feeds (MITRE ATT&CK, STIX/TAXII) for better security protection.

4 Results and Discussion

For testing the performance of the designed Al-based anomaly detection system, the system was implemented in live
cloud environments. Real-time security events were harvested and processed using AWS CloudTrail, Azure Sentinel,
and Google Chronicle. Apache Kafka handled real-time log ingestion, while Apache Spark carried out distributed
processing. Kubernetes and Docker facilitated easy deployment across cloud instances with dynamic resource
provisioning.

4.1 Anomaly Detection Performance

Self-supervised learning dramatically enhanced detection precision by doing away with the requirement for human-
annotated training data.

e Pretraining on unlabeled security logs (SimCLR, LogBERT) reached 96.8% accuracy, surpassing the 86.6%
accuracy of conventional rule-based approaches.

e  Zero-day attacks and unfamiliar attack patterns were detected well by the model through learning expressive
representations from raw logs.

The method performed exceptionally well in finance and health cloud deployments, where new threats had to be
identified and addressed in a timely fashion.

4.2 Graph-Based Anomaly Detection

Graph-based techniques were particularly good at finding sophisticated attack vectors, including privilege escalation

and lateral movement:

¢ (Cloud objects were modeled as graph models in motion, with GCNs and GATs watching relationships and
marking anomalies.
e Graph-based anomaly detection compared to log-based detection decreased undetected attack rates by 43%.
e This was particularly helpful in mass-scale cloud infrastructure, where misconfigurations too often resulted in
unmonitored access control issues.
4.3 Federated Learning for Multi-Cloud Security

To meet privacy needs, Federated Learning (FL) was utilized for AWS, Azure, and Google Cloud anomaly detection:
End-to-end FL-based anomaly detection was 92.5% accurate and GDPR and HIPAA compliant.
A Hierarchical FL model cut communication overhead by 37%, maximizing efficiency for businesses in multiple clouds.

4.4  Zero-Trust Al for Dynamic Access Control

e sensitive zero-trust Al authentication cut insider attacks by 41% in financial services.
¢ Dynamic authentication policy changes based on dynamically calculated real-time behavioral analytics risk
scores.
e Security breaches were contained within micro-segmentation, minimizing the attack blast radius.
4.5 Quantum-Resilient Security Enhancements

In defense of Al models against quantum computing attacks:
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e Lattice-based cryptographic constructions (Kyber, NTRUEncrypt) protected log storage and model parameters.

¢ Full Homomorphic Encryption (FHE) allowed real-time security analysis on encrypted data without
decryption.

e High computational overhead was the primary challenge, addressed using quantum-inspired optimization
methods.

4.6 Automated Security Response and Threat Intelligence Integration

¢ Automated incident response by SOAR frameworks.
¢ Honeypots-based Al deception techniques for enhancing threat intelligence gathering.
e Proactive attack prevention by threat feeds (MITRE ATT&CK, STIX/TAXII).

4.7 Conclusion

The envisioned Al-powered anomaly detection system for multi-cloud security operates synergistically by combining:
e Self-supervised learning (SSL) for self-driving anomaly detection.
¢ Federated Learning (FL) for privacy-conscious cross-cloud security.
e Structured log analytics using Graph Neural Networks (GNNs).
e Adaptive access control using Zero-Trust Al.
¢ Long-term security using Quantum-Resilient Cryptography.

This cloud security offering of the next generation guarantees accurate detection, real-time response, and automated
incident response, delivering a scalable and future-proof security solution for safeguarding advanced cloud
infrastructures.

4.8 Real-World System Testing and Performance Evaluation

For the purpose of providing authentication, the system was also run in secure cloud environments with quantum-
resistant cryptography safeguarding security logs even from sophisticated cryptographic attacks. While Fully
Homomorphic Encryption (FHE) incurred an additional 4.8% processing cost, its effect was mitigated through the
exploitation of hybrid cryptographic methods and hardware acceleration to attain optimum encryption performance
without compromising security.

4.9 Automated Threat Mitigation with SOAR

One of the most important issues in real-time threat response was tackled by positioning the system under Security
Orchestration, Automation, and Response (SOAR) solutions. Remediation workflows were engineered with the aid of
Al that would run preconfigured procedures upon detecting an anomaly.

Some of the most important automated processes were:

e Temporary revocation of the access credentials of the compromised cloud workloads.
e Segmentation of the compromised cloud resources to counter lateral movement threats.
e Formatting of forensic analysis within 50 milliseconds upon the detection of a high-threat security incident.

By taking advantage of Al-driven incident response automation, Mean Time to Detect (MTTD) was lowered by 53% and
Mean Time to Respond (MTTR) was lowered by 47% when compared with legacy Security Operations Center (SOC)
practices.

Also, Al-driven honeypots were utilized to attract, analyze, and log attacker behavior, creating high-fidelity threat
intelligence that was used to further tune anomaly detection models.

4.10 Scalability and Enterprise Deployment Considerations

For production use in high-speed security log processing enterprise cloud environments, scalability was central to the
requirement. The system was tested at high-scale scenarios processing millions of log messages per second with low-
latency threat detection.

Central to the scalability improvements were:
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Cloud perimeter node deployment of edge Al, lowering cloud processing overheads by pushing first-time anomaly
detection to edge devices.

GPU inference modeling, via application of pruning and quantization methods to increase deep learning efficiency while
reducing computation expenses.

23% computation load reduction, through real-time anomaly detection pipelines optimization.

4.11 Challenges and Optimization Methods

Despite the system exhibiting great improvement, there were some challenges faced:

¢ Federated Learning Resource Constraints: Periodic model synchronization in FL creates resource constraints
compared to centralized learning. Model distillation overcame this by keeping communication overhead low
while ensuring detection accuracy.

e  Zero-Trust Al Real-Time Monitoring Overhead: Zero-Trust Al involves continuous monitoring and real-time
policy updates, which, being non-optimized, can add operational complexity. Optimizations in the future will
be related to real-time policy updates with real-time risk scores.

¢ Post-Quantum Cryptography Performance Trade-offs: While post-quantum cryptographic uptake is necessary
to future-proof the security, a few optimizations must be done to strike a balance between performance

efficiency and security.

4.12 Future Enhancement and Research Directions

For further improvements of the system, the following are in the pipeline:

Integration of Neuromorphic Computing: Incorporating neuromorphic Al support for low-power real-time anomaly
detection to enhance efficiency in edge computing environments.

Decentralized Federated Learning Optimization: Improving FL performance using decentralized optimization methods,
minimizing model synchronization latency and improving scalability.

Blockchain for Security Event Verification: Using blockchain-based security logging to avoid log tampering and offer
secure immutable audit trails for security events.

Hybrid Edge-Cloud Al Architectures: Creating edge-cloud hybrid Al architectures to improve real-time anomaly
detection and minimize cloud resource dependency.

4.13 Conclusion

The study showed a highly accurate, privacy-protecting, and self-sustaining threat reduction process for multi-cloud
security. The convergence of:

e Self-supervised learning,

e Federated learning,

e Graph-based anomaly detection, and

e  Zero-Trust Al

You enabled the system to learn and respond to dynamic cyber threats in real-time.

Additionally, quantum-resistant encryption gave long-term security guarantees, and automated incident response
lowered operational overhead considerably.
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5 Conclusion and Future Enhancements

Cloud security log anomaly detection using Al is a huge step towards real-time cybersecurity threat prevention. Through
this research, it has become clear that the combination of self-supervised learning, federated learning, graph neural
networks (GNNs), and Zero-Trust Al improves security anomaly detection while preserving privacy and scalability.

The system was rolled out effectively onto scalable cloud infrastructures (AWS, Azure, Google Cloud), and it monitored
security in real-time with extremely low performance overhead. Furthermore, the incorporation of post-quantum
cryptography (PQC) future-proofs the system against new cryptographic threats, and automated incident response
workflow significantly minimizes threat discovery and mitigation time.

5.1 Key Contributions and Achievements

e Self-Supervised Learning (SSL) for Zero-Day Threat Detection: Facilitated anomaly detection in the absence of
labeled data, enhancing the model's capability to identify unknown attacks.

e Federated Learning (FL) for Privacy-Preserving Security Intelligence: Made cross-cloud anomaly detection
possible without centralizing security logs that contain sensitive information, supporting GDPR and HIPAA.

e Graph Neural Networks (GCN, GAT) for Sophisticated Attack Pattern Detection: Enhanced sophisticated attack
detection like privilege escalation and lateral movement by organizing security logs in dynamic graphs.

e Zero-Trust Al for Dynamic Cloud Security: Implemented continuous risk-based authentication, real-time user
activity monitoring, and Al-based micro-segmentation, highly mitigating insider threats and unauthorized
access attempts.

e Post-Quantum Cryptography (Kyber, NTRUEncrypt, Fully Homomorphic Encryption): Provided long-term
security resistance to the risk of quantum computing, allowing for real-time encrypted log analysis with
confidentiality maintained.

e SOAR Automation for Incident Response: Implemented Al-powered automated remediation actions,
decreasing MTTD (Mean Time to Detect) by 53% and MTTR (Mean Time to Respond) by 47%, enhancing cloud
security response effectiveness significantly.

5.2 Challenges and Future Improvements

Though the system has proved to have a major improvement in cloud security anomaly detection, some challenges and
opportunities for future development exist:

5.2.1  Minimizing Communication Overhead in Federated Learning

¢ Problem: Model synchronization at a high frequency among cloud instances in Federated Learning (FL) comes
with network bandwidth overhead.

e Solution: Future work will investigate model compression methods, e.g., model distillation and decentralized
aggregation, to minimize communication cost without performance degradation in detection accuracy.

52.2  Scaling Edge Al for Real-Time Threat Detection

¢ Challenge: Reliance on cloud-based centralized computing infrastructure hampers real-time security
processing.

e Solution: Deploy Edge Al models within cloud edge nodes to minimize anomaly detection latency and overhead
of cloud processing.

5.2.3  Reinforcement Learning for Adaptive Threat Response

e Challenge: Present SOAR automation relies on pre-configured Al-powered playbooks, which will not
completely counter new attack trends.

¢ Solution: Future SOAR through reinforcement learning will enable Al to learn from the past and dynamically
re-optimize remediation strategies.

524  Neuromorphic Computing for Ultra-Low Latency Security Analytics

¢ Challenge: Conventional deep learning models are computationally heavy and could be susceptible to ultra-low
latency threat detection.

e Solution: Neuromorphic Al, based on the brain's neural networks, will be investigated for event-driven low-
power security processing, supporting real-time cloud security monitoring with negligible computational
overhead.
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Tamper-Proof Secure Security Logs

\tChallenge: Existing centralized logging infrastructure can be easily hacked and manipulated.
\tSolution: Security event authentication with blockchain technology will be used to create tamper-proof
security logs with forensic integrity and transparency of attacks.

Explainable Anomaly Detection Using Hybrid Al Architectures

Challenge: Deep learning models provide good accuracy without interpretability, which damages the credibility
of Al-generated alerts by security professionals.

Solution: Future architectures will combine symbolic Al and deep learning to enable explainable anomaly
detection in which Al security decisions can be explained and justified by humans.
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