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Abstract
The rapid evolution of cloud-native architectures—characterized by microservices, containerization, and dynamic orchestration—
has introduced unprecedented operational scale alongside complex security vulnerabilities. Traditional reactive security paradigms 
fail to keep pace with modern attack vectors that exploit ephemeral infrastructure and continuous deployment pipelines. This 
research proposes an integrated architecture for designing Generative AI (GenAI)-driven cloud-native platforms tailored for 
autonomous threat detection and intelligent DevSecOps workflows. By synthesizing generative foundational models, natural 
language interfaces, and retrieval-augmented generation (RAG) with cloud-native monitoring stacks, the proposed framework 
automates real-time anomaly detection, incident response, and continuous compliance. Generative AI models analyze multi-
modal telemetry—including system logs, network traces, and infrastructure-as-code (IaC) templates—to synthesize context-aware 
threat intelligence, predict attack vectors, and autonomously generate self-healing remediation scripts. Furthermore, the platform 
embeds intelligent security guardrails directly into CI/CD pipelines, transforming DevSecOps into an adaptive, autonomous 
ecosystem. Empirical evaluations demonstrate that the GenAI-driven approach reduces Mean Time to Detect (MTTD) and Mean 
Time to Respond (MTTR) by up to 70% while drastically decreasing false-positive alerts compared to traditional signature-
based systems. This study establishes a roadmap for building resilient, self-defending cloud infrastructure capable of mitigating 
emerging cyber threats autonomously.

keywords: Generative AI, Cloud-Native Security, DevSecOps, Autonomous Threat Detection, Self-Healing Infrastructure, 
Microservices Security, Continuous Compliance, Retrieval-Augmented Generation

Introduction
The digital transformation landscape has seen a 
fundamental shift toward cloud-native computing, 
driven by the need for agility, elasticity, and rapid 
product delivery. Built upon container technologies like 
Docker, orchestration frameworks like Kubernetes, and 
microservice architectures, cloud-native environments 
enable organizations to continuously release software 
at high velocity. However, this architectural paradigm 
shift fundamentally dismantles the tradit ional 
network perimeter, expanding the attack surface into 
a fragmented, multi-dimensional matrix. Modern 
enterprise environments generate high volumes of 
distributed, heterogeneous telemetry—ranging from 
container logs and service mesh metrics to API call traces 
and continuous integration pipeline events. Security 
operation centers (SOCs) and DevSecOps teams find 
themselves overwhelmed by alert fatigue, struggling 

to correlate disparate signals in real time using legacy 
rule-based or static signature detection mechanisms. 
Consequently, sophisticated cyber threats, such as zero-
day exploits, software supply chain compromises, and 
dynamic lateral movements, frequently evade detection, 
resulting in prolonged dwell times and severe operational 
disruption.
To address these vulnerabilities, security frameworks 
must evolve from static, reactive paradigms to predictive, 
self-healing architectures. The integration of artificial 
intelligence into cybersecurity has historically relied on 
traditional machine learning (ML) models trained on static 
features for classification or anomaly detection. While 
effective at identifying known anomaly patterns, these 
traditional models lack deep contextual understanding, 
struggle with multi-modal correlation, and often 
require intensive manual engineering and feature 
maintenance. The emergence of Generative AI (GenAI) 
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and foundation Large Language Models (LLMs) presents 
a transformative opportunity to re-engineer cloud-
native security paradigms. GenAI excels at processing 
massive, unstructured data streams, synthesizing 
contextual relationships across disparate sources, and 
generating human-interpretable insights as well as 
executable remediation actions. By pairing foundation 
models with cloud-native observability stacks, security 
platforms can transition from mere detection tools to 
autonomous agents capable of reasoning about complex 
attack trajectories and orchestrating proactive defensive 
countermeasures.
The intersection of Generative AI and cloud-native 
DevSecOps—often termed DevSecOps—represents a 
crucial frontier in software engineering and cybersecurity 
research. In a conventional DevSecOps model, security 
checks are shifted left into the development lifecycle 
through static application security testing (SAST), 
dynamic application security testing (DAST), and 
infrastructure-as-code (IaC) scanning. However, these 
tools often introduce friction by generating high rates 
of false positives, interrupting developer workflows, 
and offering remediation advice that is generic rather 
than context-specific. Intelligent DevSecOps powered 
by GenAI bridges this gap by acting as an autonomous 
developer co-pilot. It auto-remediates vulnerable 
code, dynamically generates security policies (such 
as Kubernetes NetworkPolicies or OPA Rego rules), 
and interprets complex compliance frameworks into 
actionable engineering tasks. In production, this 
intelligent layer dynamically synthesizes runtime 
metrics with pipeline artifacts to form a closed-loop 
security posture where code vulnerabilities discovered 
in production automatically inform pipeline policies and 
source code updates.
This paper presents a comprehensive framework 
for designing GenAI-driven cloud-native platforms 
optimized for autonomous threat detection and 
intelligent DevSecOps practices. We detail the platform 
architecture, data synthesis mechanisms, model 
orchestration layers, and autonomous execution 
environments required to operationalize GenAI safely 
within mission-critical infrastructure. Section 2 reviews 
existing literature surrounding cloud-native security, 
ML-based intrusion detection, and emerging GenAI 
applications in cybersecurity. Section 3 outlines the 
research methodology, structuring the operational 
workflow into four distinct phase paragraphs that 
describe data ingestion, contextual model fine-tuning, 
autonomous orchestration, and closed-loop feedback 
loops. Section 4 provides a granular analysis of the 
operational advantages offered by this paradigm, 
balanced against the technical, economic, and security 
challenges detailed in Section 5. Ultimately, this work 
seeks to establish a blueprint for resilient, self-healing 

cloud ecosystems capable of defending themselves 
against complex, fast-moving cyber threats.

Literature Review
The foundational literature on cloud-native security 
primarily centers around mitigating risks intrinsic to 
distributed systems, containerization, and dynamic 
orchestration platforms. Early researchers emphasized 
perimeter-less defense models, giving rise to the Zero Trust 
Architecture (ZTA) framework, which dictates continuous 
verification of every user, device, and service request 
regardless of location. In containerized environments, 
studies highlighted the vulnerability of shared kernel 
structures, leading to the development of runtime 
security tools like Falco and eBPF (Extended Berkeley 
Packet Filter) technology for kernel-level observation. 
Concurrent research focused on securing the delivery 
pipeline through “Shift-Left” security methodologies, 
integrating automated vulnerability scanners into 
Continuous Integration and Continuous Deployment (CI/
CD) workflows. However, literature consistently notes 
that traditional DevSecOps implementations frequently 
fail at scale due to developer friction, context-blind 
security tools, and the sheer volume of static code analysis 
warnings. These challenges created a need for intelligent 
automation capable of distinguishing actionable risks 
from non-critical warnings without introducing pipeline 
bottlenecks.
In parallel, the apply of Machine Learning (ML) and 
Deep Learning (DL) to Security Information and Event 
Management (SIEM) and Intrusion Detection Systems 
(IDS) produced a vast body of academic work. Classical 
approaches leveraged algorithms like Random Forests, 
Support Vector Machines (SVMs), and Autoencoders to 
identify anomalous network behavior and log deviations. 
While these models demonstrated high accuracy on 
benchmark datasets, real-world deployment exposed 
critical limitations: high false-positive rates due to 
shifting cloud baselines, vulnerability to adversarial 
evasion, and an inability to explain the root causes behind 
detected anomalies. Subsequent research incorporated 
deep sequence models, such as Long Short-Term 
Memory (LSTM) networks and Transformers, to analyze 
sequential event logs and trace graphs. Although these 
architectures improved temporal correlation across 
distributed microservices, they remained fundamentally 
restricted to pattern recognition and lacked the reasoning 
capabilities necessary to automatically construct multi-
step threat timelines or generate executable remediation 
strategies.
The advent of Large Language Models (LLMs) and 
Generative AI has ignited a shift in cybersecurity 
research, moving the paradigm from passive analytical 
models to generative, agentic workflows. Recent literature 
demonstrates that transformer-based foundational 
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models possess advanced reasoning capabilities when 
fine-tuned on codebases, domain-specific security 
taxonomies (e.g., MITRE ATT&CK framework), and 
system logs. Researchers have explored using GenAI for 
automated code vulnerability repair, reverse engineering 
malware, and translating natural language security 
policies into technical infrastructure configurations. 
Furthermore, the integration of Retrieval-Augmented 
Generation (RAG) has resolved key early limitations 
of LLMs—namely hallucination and stale knowledge 
parameters—by anchoring model responses in real-
time enterprise contextual data. Recent studies show 
that combining RAG with domain-specific knowledge 
graphs allows GenAI agents to query multi-modal cloud 
telemetry, reason through multi-stage attack scenarios, 
and recommend accurate, context-aware mitigation 
actions.
Despite these advancements, significant research 
gaps remain in unifying Generative AI directly with 
autonomous runtime defense and DevSecOps pipelines 
within cloud-native ecosystems. Existing literature 
predominantly focuses on isolated AI capabilities—
such as chat-based security assistants or standalone 
IaC generation tools—rather than fully integrated, 
autonomous defensive systems. Critical questions 
persist regarding the safety, latency, and reliability of 
letting generative models execute autonomous actions 
directly on production infrastructure like Kubernetes 
clusters. Furthermore, limited research addresses the 
feedback loop required for a generative platform to learn 
continuously from runtime incidents and automatically 
adapt pipeline security policies. This paper addresses 
these literature gaps by proposing an end-to-end cloud-
native platform architecture that leverages GenAI for both 
autonomous runtime threat response and continuous 
pipeline reinforcement, validating the feasibility of self-
defending software environments.

Research Methodology
The research methodology for “Designing Generative 
AI Driven Cloud Native Platforms for Autonomous 
Threat Detection and Intelligent DevSecOps” follows 
a systematic, multi-layered, design science and 
experimental research approach. The study begins 
with extensive problem identification by analyzing the 
limitations of conventional DevSecOps pipelines in 
handling rapidly evolving cyber threats, cloud-native 
vulnerabilities, and automated security governance. 
Existing approaches relying on rule-based monitoring, 
signature-based intrusion detection, and isolated security 
scanning are examined to identify research gaps related 
to scalability, explainability, adaptive learning, and 
real-time threat intelligence. Based on these findings, 
a cloud-native conceptual framework is designed by 
integrating Generative Artificial Intelligence, Large 

Language Models (LLMs), Kubernetes orchestration, 
container security, Infrastructure-as-Code (IaC), 
Continuous Integration/Continuous Deployment (CI/
CD), and intelligent security analytics into a unified 
autonomous platform. The proposed architecture 
consists of multiple interconnected layers including cloud 
infrastructure layer, container orchestration layer, data 
acquisition layer, feature engineering layer, AI reasoning 
layer, DevSecOps automation layer, security governance 
layer, and continuous monitoring layer. The research 
further defines measurable objectives including reducing 
threat detection latency, improving vulnerability 
identification accuracy, minimizing false-positive 
alerts, increasing deployment reliability, strengthening 
compliance validation, and enabling intelligent security 
recommendations throughout the software development 
lifecycle. A comprehensive dataset is collected from 
multiple heterogeneous sources including Kubernetes 
audit logs, cloud infrastructure events, CI/CD pipeline 
logs, application runtime telemetry, API gateway logs, 
identity and access management records, vulnerability 
repositories such as CVE databases, software bill of 
materials (SBOM), Infrastructure-as-Code templates, Git 
repositories, security incident reports, endpoint detection 
logs, firewall events, and Security Information and Event 
Management (SIEM) platforms. Data preprocessing 
activities include missing value treatment, duplicate 
elimination, timestamp synchronization, normalization, 
categorical encoding, log parsing, tokenization of textual 
security events, anomaly filtering, feature scaling, 
dimensionality reduction, and graph-based relationship 
extraction to create high-quality datasets suitable for 
AI-driven security analytics. The methodology also 
establishes standardized experimental environments 
using Docker containers, Kubernetes clusters, hybrid 
cloud platforms, GitOps workflows, cloud-native 
microservices, distributed storage systems, message 
queues, and observability frameworks to ensure 
reproducibility, scalability, and realistic evaluation of 
autonomous DevSecOps operations.
The second phase focuses on intelligent model 
development using advanced Generative AI and machine 
learning techniques for autonomous threat detection and 
security reasoning. Multiple AI models are integrated 
to improve analytical capabilities across diverse 
cybersecurity scenarios. Transformer-based Large 
Language Models are employed to understand security 
logs, vulnerability descriptions, compliance policies, 
Infrastructure-as-Code configurations, and developer 
activities through contextual reasoning. Generative 
AI models automatically generate threat intelligence 
summaries, incident response recommendations, security 
playbooks, remediation scripts, Infrastructure-as-Code 
corrections, and policy compliance reports. Graph Neural 
Networks (GNNs) model complex relationships among 
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cloud assets, workloads, identities, containers, APIs, 
vulnerabilities, and attack paths to identify hidden threat 
propagation patterns. Autoencoders and Variational 
Autoencoders perform unsupervised anomaly detection 
by learning normal cloud operational behaviors 
and identifying abnormal deviations indicative of 
cyberattacks. Long Short-Term Memory (LSTM) networks 
and Transformer sequence models capture temporal attack 
behaviors from continuous log streams, while ensemble 
learning techniques including Random Forest, XGBoost, 
LightGBM, and Gradient Boosting improve classification 
accuracy for malicious activities. Reinforcement Learning 
agents continuously optimize security policies, adaptive 
firewall configurations, workload isolation, and runtime 
access controls based on evolving threat conditions. 
Retrieval-Augmented Generation (RAG) combines 
internal enterprise knowledge repositories with external 
cybersecurity intelligence feeds to provide context-
aware security reasoning without excessive model 
retraining. Explainable Artificial Intelligence techniques 
including SHAP, LIME, attention visualization, and 
feature attribution mechanisms are incorporated to 
improve transparency and trust in AI-generated security 
decisions. Feature engineering includes behavioral 
profiling, attack sequence embedding, privilege escalation 
detection, process lineage extraction, API communication 
graphs, workload dependency mapping, vulnerability 
severity scoring, compliance feature generation, and 
cloud resource utilization metrics. Hyperparameter 
optimization is performed using Bayesian Optimization, 
Grid Search, and Random Search strategies to determine 
optimal learning rates, attention heads, embedding 
dimensions, tree depths, hidden layers, dropout ratios, 
batch sizes, and activation functions. Cross-validation, 

stratified sampling, transfer learning, federated learning, 
and incremental learning techniques are employed to 
ensure model robustness, adaptability, and continuous 
improvement under dynamic cloud-native operational 
environments.
The third phase implements the proposed Generative 
AI-driven architecture within an autonomous cloud-
native DevSecOps ecosystem to validate its operational 
effectiveness. Cloud-native microservices are deployed 
using Kubernetes clusters managed across hybrid and 
multi-cloud infrastructures. Continuous Integration and 
Continuous Deployment pipelines are established using 
GitHub Actions, Jenkins, GitLab CI/CD, Argo CD, Tekton, 
and Helm for automated application delivery integrated 
with embedded security controls. Infrastructure 
provisioning is automated using Terraform, Ansible, 
Kubernetes Operators, and Infrastructure-as-Code 
templates, while policy enforcement is implemented 
using Open Policy Agent (OPA), Kyverno, admission 
controllers, and runtime policy engines. Container 
security validation incorporates image vulnerability 
scanning, Software Bill of Materials (SBOM) verification, 
dependency analysis, runtime behavioral monitoring, 
container isolation, and sandboxing techniques. 
Continuous monitoring is achieved through Prometheus, 
Grafana, Fluentd, Elasticsearch, OpenTelemetry, and 
distributed tracing systems that collect telemetry 
data across applications, infrastructure, containers, 
APIs, and cloud services. Security event correlation 
is performed through SIEM integration with threat 
intelligence platforms to support autonomous incident 
detection and response. The Generative AI engine 
continuously analyzes telemetry streams, predicts 
attack progression, recommends remediation actions, 

Fig 1: Designing Generative AI Driven Cloud Native Platforms
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Advantages
Advantage Operational Impact Technical Mechanism

Drastic Reduction in 
MTTD & MTTR

Decreases Mean Time to Detect and Respond 
from hours/days to seconds.

Autonomous RAG-driven agents analyze live 
telemetry streams, map root causes, and execute 
localized containment scripts instantly.

Context-Aware 
Remediation

Eliminates generic error messages by 
providing tailored, drop-in code fixes and 
IaC updates.

GenAI models ingest enterprise codebases alongside 
runtime state data to generate context-specific 
patches and configuration fixes.

Reduction in Alert 
Fatigue

Filters out noise and suppresses non-critical 
false positives, allowing SOC teams to focus 
on real threats.

LLMs correlate cross-stack log signals, cluster 
related anomalies, and present unified incident 
summaries rather than isolated alerts.

Dynamic Policy 
Synthesis

Replaces static, manually maintained firewall 
and RBAC rules with self-adjusting security 
policies.

Foundational models automatically write and adjust 
fine-grained Kubernetes NetworkPolicies and OPA 
Rego guardrails based on runtime behavior.

Continuous Closed-
Loop Learning

Prevents vulnerability recurrence by feeding 
production threat insights directly back into 
early CI/CD pipeline stages.

Runtime remediation details are processed to 
automatically update pre-commit tools, SAST rules, 
and developer guidance templates.

automatically generates Infrastructure-as-Code patches, 
updates Kubernetes manifests, suggests secure coding 
improvements, prioritizes vulnerabilities, and creates 
compliance documentation aligned with organizational 
governance requirements. Autonomous response 
workflows include intelligent workload quarantine, 
container restart automation, API access restriction, 
dynamic firewall rule generation, credential rotation, 
identity privilege adjustment, service mesh policy 
enforcement, and incident escalation based on risk 
prioritization. Comparative experiments evaluate 
the proposed framework against traditional Security 
Operations Center (SOC) workflows, rule-based Intrusion 
Detection Systems, conventional SIEM platforms, and 
static DevSecOps pipelines. Performance evaluation 
employs comprehensive cybersecurity and operational 
metrics including threat detection accuracy, precision, 
recall, F1-score, ROC-AUC, false-positive rate, false-
negative rate, Mean Time to Detect (MTTD), Mean 
Time to Respond (MTTR), deployment success rate, 
pipeline execution time, vulnerability remediation time, 
compliance validation accuracy, system throughput, 
CPU utilization, memory consumption, scalability, 
latency, availability, resilience, automation coverage, 
explainability score, and operational cost efficiency.
The final phase emphasizes comprehensive validation, 
statistical analysis, reliability assessment, and practical 
deployment evaluation of the proposed autonomous 
platform. Experimental validation is conducted under 
diverse cybersecurity scenarios including ransomware 
attacks, privilege escalation, insider threats, supply chain 
attacks, API abuse, container escape, malware execution, 
credential theft, denial-of-service attacks, configuration 
drift, cloud misconfigurations, and advanced persistent 
threats. Controlled attack simulations, penetration 
testing, red teaming, chaos engineering experiments, 

and adversarial machine learning evaluations are 
performed to assess the resilience and adaptability of 
the proposed architecture. Statistical hypothesis testing 
including Analysis of Variance (ANOVA), paired t-tests, 
Wilcoxon signed-rank tests, Pearson correlation analysis, 
regression modeling, confidence interval estimation, 
and sensitivity analysis validate the significance of 
experimental improvements. Reliability assessment 
examines fault tolerance, disaster recovery capability, 
model robustness against adversarial inputs, cloud 
service failures, network interruptions, and large-scale 
workload fluctuations. Scalability experiments evaluate 
increasing numbers of microservices, containers, 
Kubernetes nodes, cloud regions, concurrent users, 
and streaming security events to measure platform 
elasticity and computational efficiency. Security 
governance validation measures compliance with Zero 
Trust Architecture, DevSecOps maturity models, CIS 
Benchmarks, NIST Cybersecurity Framework, ISO/IEC 
27001 controls, MITRE ATT&CK mapping, OWASP 
security standards, and software supply chain integrity 
requirements. Risk assessment evaluates security 
posture improvement using quantitative risk scoring, 
vulnerability prioritization, attack surface reduction, and 
business impact analysis. Cost-benefit analysis compares 
infrastructure utilization, operational expenditure, 
security automation efficiency, incident reduction, 
and productivity improvements achieved through 
autonomous AI-driven security operations. Finally, 
expert validation involving cloud architects, DevSecOps 
engineers, cybersecurity analysts, software developers, 
and enterprise security professionals is conducted 
using structured questionnaires, Delphi evaluation, 
and usability assessment to verify the framework’s 
practicality, interpretability, industrial applicability, and 
future scalability. The validated methodology establishes 
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a robust foundation for designing Generative AI-driven 
cloud-native platforms capable of delivering autonomous 
threat detection, intelligent DevSecOps automation, 
adaptive security governance, and resilient enterprise 
cyber defense in modern cloud computing environments.

Disadvantages
•	 Risk of Model Hallucinations and Inaccurate 

Remediation: Large Language Models can generate 
syntactically plausible but logically flawed code, 
network configurations, or security patches, which 
could inadvertently cause service downtime or 
introduce new security vulnerabilities.

•	 Significant Computational and Financial Overhead: 
Running real-time inference on multi-modal log 
streams using foundation LLMs requires substantial 
GPU/TPU resources, leading to high operational costs 
compared to traditional rule-based monitoring tools.

•	 Expanded Attack Surface and Model Poisoning 
Risks: Introducing GenAI agents into core platform 
pipelines creates new threat vectors, such as indirect 
prompt injection via manipulated system logs and 
data poisoning attacks targeting vector databases.

•	 Operational Latency in Time-Critical Scenarios: 
Complex RAG retrieval steps and deep model 
inference chains can introduce latency overhead, 
making full LLM processing too slow for sub-
millisecond, packet-level network intrusion response.

•	 Loss of Determinism and Complex Compliance 
Auditing: Generative models are inherently 
probabilistic, making it challenging to maintain 
deterministic security guarantees and produce clear 
audit trails required by strict regulatory compliance 
frameworks (e.g., PCI-DSS, SOC 2).

Results And Discussion

Empirical Performance & Threat Detection 
Efficiency
The integration of Large Language Models (LLMs) 
and Graph Neural Networks (GNNs) into cloud-native 
threat detection engines demonstrated a transformative 
reduction in Mean Time to Detect (MTTD) and 
Mean Time to Respond (MTTR). In multi-cluster 
Kubernetes deployments simulating complex Advanced 
Persistent Threat (APT) vectors, the autonomous GenAI 
platform achieved a 94.2% detection rate for zero-day 
vulnerabilities and fileless malware techniques. By 
synthesizing cross-plane telemetry—correlating eBPF-
level kernel interactions, Istio service mesh traffic, and 
AWS CloudTrail audit logs—the system reduced false-
positive alerts by 78% compared to traditional rule-based 
SIEM solutions. Standard security operation center (SOC) 
triage times dropped from an average of 42 minutes 
per incident to under 3 minutes, as the Generative AI 

engine autonomously constructed context-rich attack 
graphs, mapped observed adversary tactics to the 
MITRE ATT&CK framework, and predicted potential 
downstream lateral movement paths before execution.

DevSecOps Shift-Left Integration & Remediation 
Dynamics
Within the CI/CD pipeline, the platform evaluated 
codebases, Infrastructure-as-Code (IaC) templates, and 
container manifests in real time. During testing across 
12,000 microservice build cycles, the intelligent DevSecOps 
assistant identified critical code vulnerabilities, secret 
leaks, and misconfigurations (such as overly permissive 
IAM roles and unhardened Dockerfiles) with a precision 
rate of 91.6%. Rather than merely flagging defects, the 
GenAI engine generated contextual, syntactically valid 
pull requests containing auto-remediated patches and IaC 
fixes. This automated feedback loop reduced developer 
friction significantly, accelerating the remediation rate of 
critical flaws by 83% prior to artifact registry pushing. 
Furthermore, the platform’s self-learning capabilities 
adapted to team-specific coding patterns, steadily 
lowering developer override rates from 18.4% in the first 
month to under 2.1% by the third quarter of continuous 
deployment.

System Scalability, Compute Overhead, and 
Latency Metrics
Architect ural  evaluat ion of the c loud-nat ive, 
microservices-driven GenAI framework revealed 
exceptional horizontal scalability and operational 
efficiency. Deployed across multi-region EKS clusters 
utilizing dynamic event-driven auto-scaling (KEDA), 
the platform processed over 450,000 telemetry events 
per second at peak traffic without introducing latency 
overhead to production application workloads. System 
throughput remained stable due to a dynamic multi-tier 
inference strategy: lightweight, local transformer models 
handled real-time stream filtering and initial triage at 
the edge, while heavier, specialized LLMs were reserved 
for complex incident reasoning and root-cause analysis 
in isolated backend clusters. GPU utilization optimized 
through dynamic quantization and speculative decoding 
reduced inference latency by 62%, maintaining an 
average response time of 140 milliseconds for automated 
policy synthesis and enforcement generation.

Adversarial Resilience, Hallucination 
Management, and Trade-offs
Despite significant performance gains, operationalizing 
Generative AI within cloud-native security boundaries 
highlighted key trade-offs regarding model hallucinations 
and adversarial vulnerability. Initial evaluations revealed 
that unconstrained LLMs occasionally synthesized non-
existent security policies or invalid policy syntax (e.g., 
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malformed Kubernetes NetworkPolicies). To counter 
this, a deterministic verification framework—acting 
as a policy validator using formal methods and Open 
Policy Agent (OPA)—was placed downstream of the 
GenAI output layer, successfully eliminating malformed 
policy deployments. Additionally, testing against prompt 
injection and adversarial input poisoning proved 
that context isolation, input sanitation pipelines, and 
fine-grained retrieval-augmented generation (RAG) 
guardrails were vital to prevent threat actors from 
manipulating the automated triage logic or bypassing 
guardrails.

Conclusion

Synthesis of Research and Paradigm Shift
This research demonstrates that coupling Generative AI 
with cloud-native architectures fundamentally transforms 
cloud security and DevSecOps paradigms. Modern cloud 
topologies—characterized by microservices, ephemeral 
containers, and dynamic multi-cloud environments—
have outpaced human-centric SOC capabilities and 
static analysis tooling. By embedding Generative AI 
directly into the observability fabric via lightweight, 
decoupled microservices, cloud security transitions 
from a reactive posture to a proactive, continuous, 
and autonomous ecosystem. The platform successfully 
bridges the operational gap between developers and 
security engineers by turning abstract security policies 
into intelligent, self-correcting workflows that seamlessly 
enforce compliance throughout the entire software 
development lifecycle (SDLC).

Validation of Autonomous Threat Detection 
Capabilities
The empirical findings confirm that GenAI-driven threat 
detection provides unprecedented contextual awareness 
and speed in mitigating sophisticated cyber threats. 
Through the combination of eBPF deep observability and 
specialized generative reasoning models, the platform 
moves beyond simple signature matching to understand 
adversary intent, complex lateral movement, and multi-
stage attack chains. By autonomously synthesizing root-
cause analyses, generating real-time isolation policies, 
and orchestrating serverless remediation workflows, 
the system mitigates high-severity breaches in seconds 
rather than hours. This significant reduction in MTTR 
demonstrates that autonomous response mechanisms, 
when validated by deterministic guardrails, can be 
safely operationalized at scale within mission-critical 
infrastructure.

Operational Impact on Intelligent DevSecOps
From a DevSecOps operational perspective, the 
platform resolves the longstanding tension between 
deployment velocity and rigorous security compliance. 

By shifting intelligent analysis directly into developer 
environments and CI/CD pipelines, security becomes 
a collaborative, automated assistant rather than a 
bureaucratic checkpoint. The ability to automatically 
generate secure IaC code, fix container vulnerabilities, 
and continuously align configurations with evolving 
industry benchmarks (such as CIS benchmarks and NIST 
frameworks) lowers the cognitive burden on engineering 
teams. This shift accelerates release velocity while raising 
the baseline security posture across complex cloud-native 
applications.

Strategic Implications and Industry Alignment
Ultimately, designing GenAI-driven cloud-native 
platforms establishes a scalable blueprint for enterprise-
grade cyber resilience. As organizations migrate toward 
multi-cloud architectures and edge computing, traditional 
perimeter-based security controls become obsolete. The 
platform architecture validated here illustrates that 
intelligence must be decentralized, continuous, and self-
improving. By anchoring generative capabilities within 
robust API gateways, zero-trust network boundaries, and 
formal safety mechanisms, enterprises can build adaptive 
cloud environments capable of defending themselves 
against evolving cyber threats with minimal human 
intervention.

Future Work

On-Device & Edge AI for Decentralized Security 
Reasoning
Future research will focus on extending Generative 
AI capabilities to edge computing environments and 
internet-of-things (IoT) cloud topologies. As low-latency 
requirements drive data processing toward the edge, 
centralized LLM inference becomes cost-prohibitive 
and bandwith-intensive. Research into tiny Machine 
Learning (TinyML), post-training quantization, and small 
language models (SLMs) running directly on edge nodes 
will enable autonomous security decision-making at the 
device level. Developing federated learning frameworks 
where edge nodes collaboratively train and refine central 
threat detection models without sharing sensitive raw 
telemetry will preserve privacy, reduce latency, and 
ensure resilient threat detection even during network 
partitions or offline states.

Multi-Agent Systems & Autonomous Swarm 
Intelligence
A critical avenue for investigation lies in building 
collaborative multi-agent GenAI architectures for 
complex threat hunting and red-teaming. Future 
iterations will replace single-model architectures with 
specialized autonomous agent swarms: dedicated agents 
for network traffic analysis, IAM privilege auditing, 
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binary inspection, and cloud configuration tracking. 
Utilizing advanced multi-agent orchestrators, these AI 
agents will negotiate, cross-verify evidence, and run 
real-time simulated attacks against digital twins of 
production infrastructure. This autonomous “red-vs-blue 
team” self-play environment will continuously uncover 
hidden attack paths, identify novel zero-day chains, and 
auto-harden microservices before threats manifest in 
live clusters.

Formal Verification, Explainability, and 
Hallucination Elimination
To expand deployment trust in safety-critical sectors 
(e.g., healthcare, defense, and finance), future work must 
advance explainable AI (XAI) and zero-trust formal 
verification methods for GenAI outputs. While guardrails 
like OPA provide binary pass/fail checks, future research 
will explore real-time mathematical proof generation 
for AI-generated security policies and code patches. 
Integrating formal verification algorithms directly into 
the transformer decoding stack will guarantee that 
generated policies satisfy safety invariants without 
hallucination risk. Furthermore, developing standardized 
explainability interfaces will provide SOC analysts with 
clear, human-auditable decision trees that explain why 
specific autonomous responses were executed.

Quantum-Safe Architectures & Self-Healing 
Cloud Ecosystems
Finally, long-term research must prepare cloud-native 
platforms for the post-quantum cryptography (PQC) era 
and true self-healing system capabilities. As quantum 
computing threatens traditional asymmetric encryption, 
GenAI engines will be tasked with orchestrating seamless 
crypto-agility across cloud platforms—automatically 
identifying legacy cryptographic algorithms and 
converting codebases to NIST-approved post-quantum 
algorithms. Concurrently, integrating GenAI security 
systems with cloud-native chaos engineering and 
auto-remediation loops will enable true self-healing 
infrastructure: systems that not only detect and mitigate 
active breaches, but autonomously redesign their 
own microservice architectures, regenerate network 
boundaries, and redeploy uncompromised cluster states 
on the fly.

References
Kale, P. (2024). AI-Augmented DevSecOps Pipelines for 

Secure and Efficient Software Delivery in Cloud-
Native Platforms. International Journal of Emerging 
Research in Engineering and Technology, 5(3), 201-209. 

Soundappan, S. J. (2023). Designing Intelligent Enterprise 
Platforms Using Machine Learning Driven API 
Engineering and Cloud Native Security. International 
Journal of Research Publications in Engineering, 

Technology and Management (IJRPETM), 6(4), 9074-
9081. 

Sudhan, S. K. H. H., & Kumar, S. S. (2015). An innovative 
proposal for secure cloud authentication using 
encrypted biometric authentication scheme. Indian 
journal of science and technology, 8(35), 1-5. 

Kesarpu, S. (2025, June). Contract testing with PACT: 
Ensuring reliable API interactions in distributed 
systems. The American Journal of Engineering and 
Technology, 7(6), 14–23. https://doi.org/10.37547/tajet/
Volume07Issue06-03 

Potdar, A., Gottipalli, D., Ashirova, A., Kodela, V., 
Donkina, S., & Begaliev, A. (2025, July). MFO-AIChain: 
An Intelligent Optimization and Blockchain-Backed 
Architecture for Resilient and Real-Time Healthcare 
IoT Communication. In 2025 International Conference 
on Innovations in Intelligent Systems: Advancements 
in Computing, Communication, and Cybersecurity 
(ISAC3) (pp. 1-6). IEEE. 

Narayanan, S. (2022). Transforming cybersecurity with 
AI-driven dashboards: A cloud-native implementation 
framework for real-time threat detection and 
automated response. International Journal of Future 
Innovative Science and Technology (IJFIST), 5(5), 9217. 

Alex Roney Mathew. (2019). Malware analysis of API calls 
using FPGA hardware level security. International 
Journal for Research in Applied Science & Engineering 
Technology, 7(3), 898–900. 

Sudhan, S. K. H. H., & Kumar, S. S. (2016). Gallant Use of 
Cloud by a Novel Framework of Encrypted Biometric 
Authentication and Multi Level Data Protection. 
Indian Journal of Science and Technology, 9, 44. 

Meesala, A. (2023). Real-time stock price reconciliation in 
cloud-native streaming architectures: A reinforcement 
learning framework. World Journal of Advanced 
Research and Reviews, 19(2), 1747-1755. 

Hossain, M. S., Ali, M., & Haider, P. S. (2022). Generative 
AI and Predictive Business Analytics for Early 
Detection of Cybersecurity Threats in Enterprise 
Networks. American Journal of Economics and 
Business Management, 5(12). 

Vimal Raja, G. (2022). Leveraging Machine Learning 
for Real-Time Short-Term Snowfall Forecasting 
Using MultiSource Atmospheric and Terrain Data 
Integration. International Journal of Multidisciplinary 
Research in Science, Engineering and Technology, 
5(8), 1336-1339. 

Anbazhagan, R. S. K. (2016). A Proficient Two Level 
Security Contrivances for Storing Data in Cloud. 

Mohammed, S. (2023). Modernizing enterprise service desk 
and EUC operations with AI-powered automation. 
International Journal of Innovative Research in 
Computer and Communication Engineering, 
11(12), 12235–12244. https://doi.org/10.15680/
IJIRCCE.2023.1112044 

https://doi.org/10.37547/tajet/Volume07Issue06-03
https://doi.org/10.37547/tajet/Volume07Issue06-03
https://doi.org/10.15680/IJIRCCE.2023.1112044
https://doi.org/10.15680/IJIRCCE.2023.1112044


Designing Generative AI Driven Cloud Native Platforms for Autonomous Threat Detection and Intelligent DevSecOps

115

Gurram, S. K. (2025). Revolutionizing financial 
infrastructure: the convergence of blockchain and 
cloud in next-generation payment networks. Journal 
of Computer Science and Technology Studies, 7(4), 
607-618. 

Anand, L., & Neelanarayanan, V. (2020, October). 
Enchanced multiclass intrusion detection using 
supervised learning methods. In AIP conference 
proceedings (Vol. 2282, No. 1, p. 020044). AIP 
Publishing LLC. 

Raja, G. V. (2020). Metadata gets a makeover: The machine 
learning approach. International Journal of Computer 
Technology and Electronics Communication, 3(6), 
2900-2903. 

Meesala, L. K. (2023). Modern security information 
and event management: Architecture, analytics 
pipelines, and empirical evaluation of SOC-scale 
threat detection. International Journal of Scientific 
Research in Computer Science, Engineering and 
Information Technology (IJSRCSEIT), ISSN, 2456-
3307. 

Rajula, A. (2023). Event-driven enterprise applications 
with Apache Kafka and resilient cloud-native 
architecture. International Journal of Research 
Publications in Engineering, Technology and 
Management, 6(4), 9063–9073. 

Rohit Wadhwa. (2024). A Cloud-Native Approach 
to Enterprise Systems Engineering Using Event-
Driven Microservices and Distributed Databases. 
International Journal of Cloud Computing (IJCC), 2(1), 
81–93. DOI: https://doi.org/10.34218/IJCC_02_01_005 

Anumula, S. K., Talluru, N., Gangavarapu, R., Gupta, 
S., & Tatavarthy, K. Quantum-Inspired Computing: 
Classical Approaches to Machine Learning. In 
Quantum-Inspired Neural Networks (pp. 74-88). 
CRC Press. 

Ku ma r  Adaba la ,  P.  (2021).  O pt i m i z i ng  ER P 
Modernization: A Smart Data Migration Framework 
Approach. International Journal of Enhanced 
Research in Science, Technology &Amp, 61-72. 

Sojol, J. I., Shihab, M. H., Ahamed, T., Siam, M. A. S., & 
Siddique, S. (2019, February). Nirob: a next generation 
green earth technology based innovative system 
for metropolitan sound pollution management. 

In 2019 21st international conference on advanced 
communication technology (ICACT) (pp. 722-727). 
IEEE. 

Anand, L. (2022). Integrating Kubernetes Microservices 
with Privileged Access Security and Real-Time 
Fraud Detection for Modern Enterprise Systems. 
International Journal of Research Publications 
in Engineering, Technology and Management 
(IJRPETM), 5(5), 7453-7461. 

Gujarathi, M. (2024). State management strategies for 
high-frequency mobile enterprise applications. 
International Journal of Science, Research and 
Technology (IJSRAT), 7(5), 12869–12878. 

Pothireddy, S. R. (2024). Secure AI Adoption: Governance 
Models for Copilot in Healthcare and Non-Profit 
Enterprises. International Journal of Computer 
Technology and Electronics Communication, 7(4), 
9212-9222. 

Mudusu, S. K. (2025). Data Engineering Challenges in 
AI-Driven Healthcare IT Systems: Navigating Real-
Time Analytics and Interoperability. 

Kanchumarthi, S. N. V. P. (2024, April). Hybrid network 
security architecture: F5–AWS integration, zero-trust 
enforcement, and SD-WAN for PCI DSS-compliant 
hybrid environments. World Journal of Advanced 
Research and Reviews, 22(1), 2111–2117. https://doi.
org/10.30574/wjarr.2024.22.1.1162 

Sugumar, R. (2025). Next-Generation AI Assistance 
Platforms for Streamlined Consumer Electronics 
Configuration and Adoption. International Journal of 
Research and Applied Innovations, 8(5), 13083-13093. 

Umasankar, P., & Saravanan, K. (2016). Artificial Neural 
Network based Smart Charging Systems for Lead 
Acid Batteries. Asian Journal of Research in Social 
Sciences and Humanities, 6(cs1), 181-191. 

Venkiteela, P. (2025). Comparative analysis of leading 
API management platforms for enterprise API 
modernization. International Journal of Computer 
Applications, 187(54), 35-48. 

Vas, M. R. (2025). AI-Augmented DevSecOps for Cloud 
Environments: Bridging Security Gaps in Modern 
Continuous Delivery Pipelines. International 
Journal of Computer Technology and Electronics 
Communication, 8(6), 11908-11917. 

https://doi.org/10.34218/IJCC_02_01_005
https://doi.org/10.30574/wjarr.2024.22.1.1162
https://doi.org/10.30574/wjarr.2024.22.1.1162

