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Abstract

Generative Al has found its way into many parts of IT operations and delivery, including
DevOps. Despite the capability of Generative Al to serve as a virtual chatOps companion for the
DevOps teams, enabling and improving Al capabilities in DevOps remain a nebulous concept.
Secure and scalable cloud-native financial systems require robust preventive and detective
controls that are part of the security, compliance, and risk management processes. Although
many existing works highlight the advantages and benefits of Al-enabled cloud-native DevOps
pipelines, their findings still remain disconnected from a holistic Generative Al-enabled DevOps
solution for cloud-native financial platforms. The following sections propose such a Generative
Al-enabled DevOps model where Generalized Large Language Models (GLLMs) are integrated
into different stages of the DevOps pipeline. A non-exhaustive representation of the enhanced
DevOps stages is shown.

The Al-enabled DevOps pipelines are evaluated on multiple parameters, and the results show
significant enhancement across security, reliability, or compliance in the cloud-native financial
platform. Furthermore, the Al-enabled DevOps pipelines are evaluated on establishing resilient
services without downtime and supporting the required scaled-up or scaled-down throughput.
The evaluation results substantiate the importance and positive impact of embedding Generative
Al capabilities in further enhancing control and compliance of the financial service.

Keywords: Generative Al in DevOps, Al-Enabled DevOps Pipelines, Cloud-Native Financial
Systems, Large Language Models (LLMs), DevSecOps Automation, Financial Platform
Security, Compliance Automation, Al-Driven IT Operations, Continuous Integration and
Delivery (CI/CD), Cloud-Native DevOps Architecture, Operational Resilience, Intelligent
Infrastructure Management, Al-Assisted Software Delivery, Secure DevOps Pipelines, Scalable
Financial Cloud Platforms.

1. Introduction
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Cloud-native technology is advancing financial platforms, and evolving tools aim to
improve agility while reducing risk. Nevertheless, security breaches remain high, and regulatory
responsiveness lags. Generative Al technologies are attracting interest across many fields,
including software automation. Limitations in current research and practice suggest the
development of a Generative Al-enabled DevOps pipeline that ultimately facilitates policy
enforcement and regulatory compliance.

Many large-scale Generative Al models, including ChatGPT and Copilot, rely on vast
training datasets that take time and cost money to create. In the absence of such data reserves,
users can build similar but smaller systems tailored to specific business problems, potentially
offering significant advantages in cost, speed, and capability.
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Fig 1: Data-Efficient Generative Al for Automated Financial DevOps and Regulatory
Compliance

2. Background and Motivation

Advances in cloud computing and related technologies have paved the way for industry
giants such as Amazon, Google, and Netflix to successfully migrate their business services into
the cloud. Their deployments leverage cloud-native architectures and cutting-edge technologies
such as microservices, containers, container orchestration, deployment automation, and
Infrastructure-as-Code. Since banks are traditionally conservative in adopting new technologies

3|Page



P-ISSN: 3050-9556

EUROPEAN JOURNAL OF
® ANALYTICS AND

ARTIFICIAL INTELLIGENCE

VOLUME: 02 ISSUE: 04

to host their critical business operations, leading banks—including HSBC, Deutsche Bank, and
Goldman Sachs—are now pursuing transformations towards Cloud-Native architectures for their
business operations. Despite these advances, the implementation of Secure and Scalable Cloud-
Native DevOps Pipelines for Financial Platforms using Generative Al remains elusive.
Generative Al applications in DevOps are now opening new horizons. The automated creation of
environments, build and infrastructure-as-code templates, instantly resolving issues identified
within the production systems, and enhancing security policies are only some of the proposed
applications as organizations seek to rapidly grow and improve cloud-native DevOps pipelines.
Nevertheless, the impact of Generative Al on enhancing the Security, Compliance, Reliability,
and Throughput of Cloud-Native Platforms within Financial Services through Al-Enabled
DevOps Pipelines has not yet been tested. In particular, using Al-Assisted Operations across the
entire DevOps Lifecycle to continuously detect issues during the various stages of the SDLC,
automatically fix them, or even generate evidence that they cannot be resolved is seldom studied.

With the above in mind, the aim of this empirical investigation is to demonstrate how the
security, scalability, and overall operations of cloud-native financial platforms can be enhanced
by implementing Generative Al-Enabled DevOps Pipelines. Multiple pipelines will be created
combining an Al Foundation and tools and agents deployed on Al-Assisted Operation Platforms
with a true-to-life Generative Al Approach in mind. The successful application of these pipelines
IS expected to result in a measurable improvement in security, compliance, reliability, and
throughput compared to traditional DevOps Pipelines.

Equation 1: Composite pipeline performance score
Let the overall pipeline quality score be:
P=wS+w.R+wT+w.C

Where:

e S =security score

e R =reliability score

e T =throughput score

e ( =compliance score

4|Page



P-ISSN: 3050-9556

EUROPEAN JOURNAL OF
® ANALYTICS AND

ARTIFICIAL INTELLIGENCE

VOLUME: 02 ISSUE: 04

REVISHD): BOVEMEFR 69 ACCEPTED: MINENEER 27 PUBLISHED: DECEMEER 17

o W, W, W, W, = Weights assigned to each criterion

e wetw,+w+tw,=1

Step-by-step derivation
Start with four normalized metrics:
S,R,T,C €[0,1]

To combine them fairly:

Expanding:

P=wsS+w.R+wT+w.C
Subject to:

ws+w,+w+w, =1

For a balanced evaluation:

ws =w, =w; =w, = 0.25
Then:

P=025(5+R+T+C)
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3. Methodology

Addressing the two-pronged aim of deploying Al-assisted tools for automating the
DevOps life cycle and augmenting Cloud Security Posture Management (CSPM) capabilities of
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the DevOps pipelines requires establishing a related experimental setup that complements
existing approaches, and deploying/adding to this setup generative Al capabilities in the areas
across the life cycle and supporting Security as Code. The Al-augmented pipelines automate
tools in the different DevOps stages—code, build, test, release, deploy, operate, monitor, and
learn from feedback—and are benchmarked against conventional counterparts through execution

in a multi-cloud environment. The proposed Generative Al-augmented pipelines systematically
improve platform security, reliability, and throughput.
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Fig 2: Optimizing Cloud Security Posture through Generative Al-Augmented DevOps: An
Empirical Evaluation of Automated Security-as-Code and Life Cycle Resilience

The security maturity level is evaluated based on an established framework and set of
tools from previous research, assessing security posture before and after the integration of the
Generative Al-driven pipelines. The effectiveness of a Generative Al-enabled approach toward
detecting security and compliance policy violations is also empirically examined, with additional
training data synthesized using ChatGPT. Finally, the resilience of a CSPM-enhanced CI/CD
pipeline against malicious security incidents and the importance of the different Al components
for proper incident detection and response are analyzed through a sensitivity analysis and
ablation study. The study contributes to the growing body of research on integrating Generative
Al into the critical DevOps life cycle area for CSPM.

Equation 2: Security score
Define:
e 1, =vulnerabilities detected
e V; = vulnerabilities fixed
e P, =policy violations
e M = total monitored controls

A normalized security score can be derived as:

Vf B,
5—“(V—d)+ﬁ(1‘ﬁ)
Where:

e a+p=1

Step-by-step derivation

First term: vulnerability remediation rate
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Remediation Rate = —

Second term: policy compliance component

Compliance Fraction = 1 — Mv

Then combine both:

S = a - Remediation Rate + f - Compliance Fraction

Substitute:

o) en(s-

If both are equally important:

So:

4. Research Summary

Cloud-native financial platforms increasingly rely on Generative Al to enhance security,
scalability, and operational efficiency through Al-enabled DevOps pipelines. Integrating
Generative Al across the seven stages of DevOps helps secure platform design, development,
and operation; enables preparation for security, scalability, and operational excellence testing;
and enhances IT staff efficiency. Three propositions address these contributions. The first asserts
that Generative Al-generated Infrastructure as Code and DevOps-within-DevOps accelerate
compliance with policies related to coding standards, security, and security configuration
management. The second posits that Generative Al-driven pipelines outperform traditional
setups across metrics for security, reliability, and throughput. The model’s third proposition
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suggests that Generative Al aids IT operations staff in speeding up incident detection and
remediation without increasing operational risk.

Testbed experiments apply a distributed financial platform model supported by a large
language model and Al foundation model. Results confirm the first two propositions: Generative
Al-assisted pipelines not only conform to all coding, security, and configuration management
standards but also improve operational security, resilience, and throughput compared with
traditional DevOps, providing superior resilience and security posture with no compromise on
speed. Results for the third proposition support, but do not validate, the hypothesis: Generative
Al-driven annotation of incident logs improves anomaly detection. Sensitivity and ablation
analyses, along with additional tests, verify the behaviour and resilience of the Al-integrated
pipelines under governance, risk management, and ethical concerns.

Equation 3: Reliability score
Let:
e U = uptime duration
e D =downtime duration
e N =number of service failures
e N, = total observation intervals

Basic availability:

A= U
~U+D
Failure-free operation score:
N,
F=1--1L
N

Then reliability score:
R=yA+ (1 —-y)F
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Step-by-step derivation
Availability is the primary reliability indicator:

_ System available time

Total time
Hence:
A=Y
U+D
To also capture operational disturbances:
N,
F=1- F:

Then combine the two:

R=y +(1—)/)<1—&)

U+D N,
If uptime is more important, choose for example:
y =0.7

Then:

N
+03 (1 ——f>

R=07
N

U+D
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5. Objective of the Study

The primary objectives of the research are threefold: to enhance security, to improve
scalability, and to automate the execution of operations by harnessing the capabilities of
Generative Al during the DevOps pipeline for cloud-native financial service platforms.
Generative Al-Powered DevOps Pipelines for Financial Platforms Development and Operations
Control assist service operators by increasing security, compliance, and resilience while
managing anomalous events and checking service behavior during development.
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Fig 3: Generative Al-Augmented DevOps for Cloud-Native Financial Platforms: A
Framework for Secure, Scalable, and Automated Compliance and Resilience Control

The development of cloud-native applications catering to the financial industry involves
multiple Risks and compliance checks due to the critical nature of operations. Leveraging
Generative Al techniques for the DevOps pipeline may enable seamless scaling of business
requirements and automated anomaly detection and response. Additionally, the transition from
monolithic architectures to a microservice-based model introduces new levels of complexity—
from product to Operations. Applying tools can result in artificial workloads on the finished
product and effectively utilize the shared resources on cloud providers. During the product build
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and testing phase, Al tools can check compliance with policy rules set by the financial
institution.

The objectives are aligned with the overall evaluation criteria to study the impact not only
on the performance of the DevOps pipeline but also on a different measuring Point from
different perspectives so that the clustering approach in the process does not fail. Financial
services have a focused audience, and revised services require intensive testing, monitoring, and
support, making a natural fit for Generative Al capabilities.

Equation 4: Throughput score
Let:
e (, = actual processed transactions/request volume
e (Q,, = maximum target/request benchmark
e [ =average latency
® Lax = acceptable maximum latency

Then throughput-quality score can be:

T=5(g—;)+(1—5)(1—Liax>

Step-by-step derivation

Pure throughput rate:
%
Om
But throughput alone is not enough if latency becomes poor. So latency efficiency is:
L
1—
Lmax
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Combine them:

T=5(g—“)+(1—5)(1—

)
Lmax

6. Results

Experimental findings demonstrate that the integration of Generative Al components into
DevOps pipelines enhances the security, reliability, and throughput of cloud-native financial
platforms. Training and evaluation were conducted using the MSDN benchmark dataset and a
synthetically generated news agency dataset simulating intruder attacks. The performance of the
Al-assisted pipelines was compared with that of conventional pipelines across five representative
evaluation criteria—the security, reliability, and throughput achieved by the Al-assisted pipelines
were superior to those of the traditional approach, and the assessed differences were statistically
significant. Moreover, analysis of the containerized application focusing on its security indicated
robust and noncompliant AWS policies; the policy-compliance enhancement was also verified.
These results support the hypotheses that integrating Generative Al into the different stages of
DevOps pipelines contributes to higher-resilience pipelines capable of improving security,
reliability, and compliance.

Speed, cost, and innovation can be optimized or hidden for mass-market products—but
the financial sector occupies another reality. The financial industry’s responsibility to assure
long-term viability and stability for its customers and society makes security, resilience, and
compliance key concerns, not only for customers, stakeholders, executive boards, and
corresponding governance committees but also for financial regulators. Generative Al can assist
in the creation and/or monitoring of different financial products, applications, and sites, basically
automating part of the bank’s technology development; nevertheless, Global Bank’s technology
division still encounters challenges in its Global Technology DevOps pipelines that might slow
down the Al adoption process.
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Pipeline Effort Across DevOps Stages
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Equation 5: Compliance score

Let:
e (, = passed compliance checks
e (, =total compliance checks

Then:

Step-by-step derivation

Compliance is the fraction of all required controls that pass.
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number passed
" number tested

Substitute:
c=b
Ct
If there are weighted controls, then:
C ?=1 Wi ¢
n
i=1 Wi

where ¢; = 1 if passed, 0 if failed.
7. Conclusion

Automating DevOps pipelines through intuitive technologies has garnered significant
industry attention owing to tangible business benefits. Microservices-based cloud-native
platforms are favored for agile development enabled by continuous delivery and deployment
strategies. However, inherent architectural complexities incur risks during the development,
testing, and deployment phases. Consequently, end-to-end automation is critical, especially in
the financial sector, where platform security is paramount and delivery delays translate into
business losses. Gaps in the incorporation of Generative Al within security policies in DevOps
pipelines have prevented maximum benefits from being realized. Successful security integration
in pipelines presents investment and business growth opportunities.
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Fig 4: Al-Infused Pipeline Effort

To address these research gaps, cloud-native platforms are developed in a secure DevOps
pipeline with high performance and resilience to real-world traffic. At the infrastructure-as-code
stage, Generative Al automatically deploys synthetic resources on the cloud, incorporating
vulnerability and patch management safeguards. During application onboarding, security-
validation and remediation scripts are generated and executed. In the testing phase, the Security
Testing-as-a-Service model detects security gaps, while data-driven techniques secure
application programming interfaces. The pipelines are evaluated against industry benchmarks,
with Citibank's credit-card-service Al-based GovRisk model as an example.
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