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Abstract - The rapid adoption of large language models in software engineering has transformed how developers
design, generate, review, test, and maintain code. However, the same automation that accelerates development also
introduces security risks when generated patches, dependency upgrades, or code explanations are accepted without
systematic verification. This paper proposes an LLM-driven DevSecOps framework that integrates static application
security testing, retrieval-augmented generation, secure knowledge grounding, automated vulnerability remediation,
human approval workflows, and continuous post-remediation validation. The central thesis is that LLMs should not
be treated as autonomous security authorities, but as governed remediation agents operating within evidence-based,
policy-constrained, and auditable software delivery pipelines. The framework aligns secure software development
with NIST SSDF practices by embedding security activities across planning, implementation, verification, release,
and monitoring stages [1]. It also extends prior work on Al-driven software lifecycle governance by positioning defect
prediction, automated testing, vulnerability detection, and remediation as mutually reinforcing components rather
than isolated quality engineering tasks [2]. The proposed architecture uses static analysis findings as structured
triggers, retrieval-augmented generation as an evidence-grounded reasoning layer, and controlled patch generation
as a remediation mechanism. The paper further presents a methodological design for evaluating the framework using
vulnerability detection precision, remediation correctness, regression safety, developer review burden, mean time to
remediate, and auditability. The contribution is a reference architecture for secure Al-assisted engineering that
reduces manual triage effort while preserving accountability, traceability, and security assurance.

Keywords - Devsecops, Large Language Models, Static Analysis, Retrieval-Augmented Generation, Vulnerability
Remediation, Secure Software Engineering, Software Supply Chain, Al Governance, Automated Program Repair,
Secure Coding.

1. Introduction

Modern software engineering has entered a phase in
which the boundary between development support and
autonomous code transformation is becoming increasingly
blurred. Large language models are now used to generate
application logic, explain unfamiliar code, write tests,
refactor legacy components, summarize pull requests, and
suggest vulnerability fixes.

This adoption is not merely an efficiency trend; it is
reshaping the security model of software delivery because
security  decisions are increasingly influenced by
probabilistic systems that may generate plausible but
incorrect reasoning. Retrieval-augmented generation has
become an important mechanism for reducing hallucination
by grounding model outputs in external knowledge sources,
policy documents, vulnerability taxonomies, secure coding
standards, and repository-specific context [3].

DevSecOps emerged to address the historical separation
between development velocity and security assurance. In
classical pipelines, static analysis, dependency scanning,
secret detection, infrastructure-as-code validation, container
scanning, and dynamic testing often generate large volumes
of findings that exceed the review capacity of engineering
teams. When alerts are noisy, developers may postpone

remediation or suppress warnings without  fully
understanding exploitability.
Banking and regulated software environments

demonstrate that intelligent continuous integration and
delivery requires risk scoring, deployment evaluation, and
governance-driven release control rather than simple pass-
fail automation [4]. In security-sensitive domains, the
operational value of DevSecOps is therefore determined not
only by tool coverage, but by the ability to translate findings
into prioritized, explainable, and verifiable engineering
actions.
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The central challenge is that LLM-based remediation
can amplify both the strengths and weaknesses of
DevSecOps. An LLM may quickly explain a SQL injection
finding, identify wvulnerable code paths, propose a
parameterized query, and generate unit tests. At the same
time, it may introduce incomplete validation, unsafe defaults,
broken business logic, or dependency changes that pass
narrow tests but fail in production-like scenarios. Secure
microservices engineering in regulated environments shows
that architectural controls, deployment boundaries,
encryption, compliance requirements, and runtime isolation
must be treated as part of the remediation context rather than
as afterthoughts [5]. This paper therefore argues that LLM
remediation must be constrained by static evidence, retrieved
security knowledge, repository-specific architecture, policy
checks, and human approval

The proposed framework is built around four principles.
First, static analysis remains the primary evidence source for
vulnerability discovery and localization. Second, RAG
provides controlled access to trusted knowledge, including
CWE descriptions, OWASP categories, internal secure
coding standards, architectural decision records, dependency
policies, and prior approved fixes. Third, automated
remediation must be patch-oriented, test-bound, and
reversible. Fourth, every LLM action must be logged with
prompt inputs, retrieved evidence, model output, patch diff,
validation results, reviewer decision, and deployment
outcome. This model draws inspiration from code-language
representation research, where models such as CodeBERT
demonstrate that program understanding benefits from joint
natural-language and programming-language representations

[6].

The paper contributes a Ql-style conceptual and
technical architecture for LLM-driven DevSecOps. It does
not claim that LLMs can replace secure engineering teams.
Instead, it positions LLMs as governed assistants for
vulnerability explanation, patch proposal, regression-test
generation, and remediation documentation. Prior research
on code metrics and feature extraction for vulnerability
detection supports the premise that vulnerability remediation
can be improved when code-level signals are captured in
structured form and used for downstream reasoning [7]. In
this paper, those structured signals become the bridge
between static analysis and LLM remediation.

2. Background and Related Work

Secure software engineering has historically relied on a
layered combination of preventive design, secure coding
standards, manual review, automated scanning, penetration
testing, and operational monitoring. Static application
security testing remains a foundational layer because it
analyzes source code, bytecode, or intermediate
representations before deployment. However, static tools are
constrained by false positives, limited semantic
understanding, framework-specific blind spots, and difficulty
explaining business impact. Explainable Al research in
regulated fraud detection demonstrates that automated
decisions become more useful when they include auditable
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decision pathways and interpretable evidence trails [8].
Similar explainability is needed when DevSecOps systems
recommend code changes.

Cloud-native and edge environments further complicate
secure remediation because vulnerabilities may arise from
interactions among services, APIs, identity providers,
message brokers, containers, and external dependencies.
Multi-tenant edge cloud research highlights the importance
of efficient task placement, resource isolation, and adaptive
infrastructure decisions under operational constraints [9]. In
DevSecOps, remediation must similarly account for runtime
constraints such as latency, secrets management, network
policies, and deployment topology. A fix that is locally
correct at the code level may still be insecure if it violates
service authorization rules, weakens observability, or
bypasses policy controls.

LLM security has become a distinct concern because
model-integrated applications introduce new attack surfaces.
The OWASP GenAl Security Project identifies risks across
LLM application design, including prompt injection,
sensitive information disclosure, insecure output handling,
excessive agency, and vector or embedding weaknesses [10].
These risks are directly relevant to LLM-driven DevSecOps
because the remediation agent itself may be attacked through
repository  content, malicious comments, poisoned
documentation, crafted issue descriptions, or adversarial pull
request text. As a result, DevSecOps agents require defensive
prompt design, retrieval filtering, output validation, and strict
execution boundaries.

Testing research remains central to the safety of
automated remediation. Comparative work on Java
enterprise testing frameworks shows that reliability
assurance depends on selecting appropriate test types,
coverage goals, and automation layers [11]. In LLM-driven
remediation, generated patches should never be accepted
solely because they compile. They must pass unit tests,
regression tests, security tests, dependency checks,
integration tests, and when needed, contract tests. The test
suite becomes the enforcement layer that transforms LLM
output from a suggestion into a controlled software
engineering artifact.

Enterprise Al platforms also show that scalable and
explainable Al requires governance mechanisms that extend
beyond model accuracy. Studies of machine learning
frameworks in CRM platforms emphasize secure scaling,
explainability, and operational lifecycle management [12].
This perspective applies directly to LLM DevSecOps: the
value of the model depends not only on its ability to generate
a patch, but also on whether the organization can control the
model’s inputs, outputs, permissions, evaluation criteria, and
deployment behavior. The system must be designed for
governance from the beginning.

Research on code representation has improved the
ability of machine learning systems to reason about software
structure.  GraphCodeBERT  extends  sequence-based
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program  representation by incorporating data-flow
information, which is particularly relevant for vulnerability
detection because many vulnerabilities depend on how
untrusted data flows through program variables, sanitizers,
sinks, and authorization checks [13]. Static analysis tools
already construct control-flow and data-flow graphs. An
LLM-driven system can use these artifacts as structured
context, allowing the model to reason about vulnerable paths
without relying only on raw source code.

Software defect prediction research provides another
foundation for intelligent DevSecOps. Comparative analysis
of machine learning models for defect prediction
demonstrates that algorithm choice, feature selection, and
evaluation design influence predictive reliability [14].
Vulnerability remediation has similar constraints: a model
must not only identify a potential weakness, but also
distinguish exploitable risks from theoretical warnings,
prioritize high-impact issues, and recommend changes that
reduce risk without causing regressions. This requires a
pipeline that combines static findings, historical defect
patterns, repository context, and validation outcomes.

Feature modeling and product-line integrity are also
relevant because enterprise systems often contain
configurable behavior across multiple tenants, products, or
customer segments. Formal approaches to feature model
integrity show that refactoring must preserve constraints
across related configurations [15]. In DevSecOps, automated
remediation must avoid breaking feature-specific logic when
patching shared libraries or common services. A
vulnerability fix in an authentication module may affect
multiple  applications,  versions, and  deployment
configurations.  Therefore,  remediation  should be
dependency-aware and configuration-aware.

Recent benchmarks such as SWE-bench evaluate
whether language models can resolve real-world GitHub
issues by generating patches against existing repositories
[16]. Although such benchmarks demonstrate progress,
secure remediation requires a stricter standard than issue
closure. A patch may satisfy a narrow functional test while
leaving a vulnerability partially exploitable. Security patches
often require negative tests, threat modeling, abuse-case
validation, and regression checks against bypass variants.
Therefore, LLM-driven DevSecOps must evaluate not only
whether the patch solves the visible issue, but whether it
reduces attack surface under adversarial conditions.

3. Problem Statement and Research Motivation

The research problem addressed in this paper is the
absence of a governed architecture for integrating LLM-
based remediation into DevSecOps pipelines without
weakening security assurance. Existing DevSecOps tools
detect vulnerabilities, but they often leave developers with
fragmented alerts, limited remediation context, and high
triage overhead. LLMs can explain and patch vulnerabilities,
but they may hallucinate APIs, misunderstand architecture,
generate insecure alternatives, or introduce subtle
regressions. Security communication research in compliant
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fax and encrypted data transmission contexts illustrates that
automated systems must preserve confidentiality, integrity,
and operational auditability when handling sensitive
workflows [17]. Similar requirements apply when LLMs
inspect source code, logs, secrets, or vulnerability findings.

The first motivation is alert-to-action conversion. Static
analysis tools identify tainted data flow, injection risks,
insecure cryptographic usage, deserialization flaws, path
traversal, broken access control, and unsafe dependency
usage. However, many findings remain unresolved because
developers lack time, context, or confidence. Machine
learning anomaly detection in insurance  systems
demonstrates how domain-specific models can identify risk
patterns that would be difficult to manage manually at scale
[18]. DevSecOps needs the same transition from alert
generation to intelligent action, but with stronger safeguards
because remediation modifies production code.

The second motivation is knowledge fragmentation.
Secure remediation requires information from multiple
sources: source code, build files, dependency manifests, test
results, architecture diagrams, secure coding standards,
vulnerability databases, cloud policies, and prior incident
records. LLMs trained on general code do not automatically
know which internal libraries are approved, which patterns
are prohibited, or which compliance obligations apply.
Earlier work on the expanding role of ML models in
software development anticipated that machine learning
would increasingly influence development workflows, but
the governance burden becomes larger when models produce
executable code [19].

The third motivation is pipeline accountability.
Automated remediation cannot be a black-box activity
because security patches must be reviewed, justified, and
auditable. Observability frameworks for cloud-based data
pipelines show that monitoring, defect prediction, and
operational visibility are essential for maintaining reliability
across distributed systems [20]. LLM-driven remediation
requires a comparable observability model: every generated
patch should be traceable to the triggering finding, retrieved
knowledge, model prompt, validation evidence, reviewer
decision, and deployment result. Without this traceability,
organizations cannot reliably assess whether Al-assisted
remediation improves security or merely increases change
volume.

The fourth motivation is RAG-specific security. RAG
allows an LLM to use external knowledge, but vector stores
and embedding pipelines can introduce new vulnerabilities.
OWASP identifies vector and embedding weaknesses as
risks in systems that use RAG, including manipulated
retrieval, injected content, and exposure of sensitive
information [21]. In DevSecOps, this risk is especially
serious because repository documents may include
comments, issue descriptions, or markdown files controlled
by untrusted contributors. If a malicious document instructs
the agent to ignore security policy or exfiltrate code, the
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agent must reject that retrieved content and follow higher-
priority governance rules.

The fifth motivation is adaptive infrastructure. Cloud
systems increasingly use Al-augmented service fabrics to
allocate resources and respond to operational conditions [22].
Secure remediation pipelines similarly need adaptive
behavior. A low-risk documentation vulnerability may
require only explanation and developer review, while a high-
risk authentication flaw may require mandatory security
approval, expanded tests, threat modeling, and staged
deployment. The pipeline must classify vulnerability context
and choose the appropriate remediation path.

Finally, the sixth motivation is modernization. Many
enterprises still operate legacy monoliths alongside
microservices, APl gateways, cloud functions, and event-
driven services. Fault-aware monolith decomposition
research demonstrates that migration must manage gateway
optimization, service boundaries, and reliability risks [23].
LLM-driven remediation must be compatible with such
hybrid architectures. A patch suggested for a legacy module
may need to respect transaction boundaries, shared database
constraints, and downstream service contracts. Therefore,
remediation should be architecture-aware, not merely syntax-
aware.

4, Proposed LLM-Driven DevSecOps
Architecture
The proposed architecture, called SecureRAG-

Remediate, consists of seven layers: source ingestion, static
analysis orchestration, vulnerability normalization, secure
retrieval, LLM reasoning, controlled patch generation, and
validation-governance. The design follows a governed
agentic pattern in which the LLM is allowed to reason and
propose changes but not independently merge or deploy
security-sensitive code. Governed agentic Al research for
enterprise platforms emphasizes data grounding, trust
controls, decision intelligence, and lifecycle reliability as
core architectural requirements [24]. SecureRAG-Remediate
applies these same principles to software security
engineering.

The source ingestion layer connects to repositories,
branch metadata, dependency manifests, infrastructure-as-
code files, container definitions, CI logs, test reports, and
issue trackers. It computes a repository security profile that
includes language, framework, dependency ecosystem,
authentication patterns, data access mechanisms, and
deployment environment. A systematic review of LLMs and
code security notes that LLMs may both assist and harm
secure coding because they can detect or fix vulnerabilities
while also introducing insecure code [25]. The ingestion
layer therefore treats all generated output as untrusted until
validated.

The static analysis orchestration layer runs multiple
analyzers based on repository type. For example, Java
services may use taint analysis, dependency checking, secret
scanning, and configuration scanning; Python services may
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use package vulnerability checks, unsafe deserialization
detection, and static type-aware analysis; JavaScript
applications may include DOM-based XSS checks,
dependency audit, and APl misuse detection. Hybrid deep
learning models for software fault prediction show that
combining CNN, LSTM, and dense layers can capture
complementary signals from software artifacts [26]. In the
proposed framework, static tools and learned models
similarly provide complementary evidence.

The vulnerability normalization layer maps tool-specific
findings to a common schema. The schema includes finding
identifier, CWE category, severity, confidence, affected file,
vulnerable line range, data-flow trace, sink type, exploit
preconditions, affected dependency, reachable endpoint,
business service, and recommended remediation pattern.
Federated learning work for fraud detection highlights the
value of privacy-preserving architecture and operational
governance when multiple institutions or data owners are
involved [27]. In secure engineering, vulnerability
normalization allows teams to share remediation intelligence
without exposing unnecessary proprietary code.

The secure retrieval layer is the core of the RAG design.
It retrieves from four controlled repositories: public security
knowledge, internal policy knowledge, repository-specific
knowledge, and historical remediation knowledge. Public
knowledge includes CWE descriptions, OWASP categories,
NIST guidance, secure coding rules, and language-specific
framework recommendations. Internal knowledge includes
approved cryptographic libraries, authentication standards,
logging rules, privacy requirements, and deployment
constraints. Repository knowledge includes architecture
diagrams, API contracts, test structure, and service
ownership. Historical knowledge includes previously
approved fixes and rejected remediation patterns. OCR
accuracy research in healthcare prescription processing
illustrates how domain-specific accuracy improves when
models operate over structured, task-relevant inputs rather
than generic text [28]. Secure retrieval follows the same
principle by grounding remediation in curated and relevant
evidence.

The LLM reasoning layer receives a structured prompt
containing the normalized finding, minimized vulnerable
code context, retrieved evidence, repository constraints, and
required output format. It must produce an explanation, risk
assessment, patch strategy, test plan, and proposed diff. To
prevent excessive autonomy, the model is prohibited from
changing unrelated files, disabling tests, weakening
authentication, removing logging, adding unapproved
dependencies, or suppressing scanner rules. Clean-core Al
integration research in SAP systems emphasizes that Al
enhancements should preserve architectural integrity rather

than introduce uncontrolled customization [29]. This
principle is translated into code-level guardrails for
remediation.

The controlled patch generation layer generates
candidate patches in isolated branches. The system may
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produce multiple candidate patches, but each must include a
rationale and validation plan. Backend Al-agent replacement
discussions are relevant because enterprise automation must
distinguish between agentic convenience and production
accountability [30]. In this architecture, the LLM is not a
replacement for developers; it is a patch proposal engine
operating under approval and validation controls.

The validation-governance layer executes compilation,
unit tests, regression tests, security tests, static rescans,
dependency audits, and policy checks. It also performs
semantic checks such as ensuring that the vulnerable sink is
no longer reachable from untrusted input. Sparse matrix
factorization research in scalable cloud machine learning
suggests that efficient representation of high-dimensional
relationships can improve performance in large systems [31].
Similarly, validation-governance uses compact
representations of findings, files, dependencies, and tests to
prioritize which validation jobs are necessary for a given
patch.

5. Methodology and Evaluation Design

The proposed evaluation methodology is designed to
measure security effectiveness, engineering usefulness, and
governance quality. A secure remediation framework cannot
be evaluated only by counting generated patches. It must be
evaluated by whether vulnerabilities are correctly fixed,
whether false positives are reduced, whether regressions are
avoided, and whether developers trust the recommendations.
Al-enhanced API reliability testing in digital banking shows
that accuracy, resilience, and transaction integrity are critical
when testing financial software  workflows [32].
SecureRAG-Remediate adopts similarly strict evaluation
criteria.

The experimental design uses three repository
categories. The first category consists of benchmark
repositories with known vulnerabilities, such as injection,
path traversal, insecure deserialization, hardcoded secrets,
broken access control, and vulnerable dependencies. The
second category consists of enterprise-like synthetic
microservices with realistic authentication, persistence,
messaging, and deployment configurations. The third
category consists of historical internal findings where the
ground truth includes the human-approved remediation. End-
to-end Al-based systems engineering research supports the
use of lifecycle governance, predictive quality assurance,
automation economics, and cybersecurity intelligence as
combined evaluation dimensions [33].

The baseline systems include static analysis without
LLM support, generic LLM prompting without retrieval,
RAG without strict policy filtering, and the full SecureRAG-
Remediate architecture. This comparison isolates the value
added by retrieval grounding, policy constraints, and
validation gates. Predictive analytics and Redis-backed
caching research in pharmacy inventory management shows
that performance and responsiveness depend on architectural
choices such as caching, data freshness, and workload-
specific optimization [34]. Similarly, RAG systems must be
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evaluated for retrieval latency, knowledge freshness, and
context relevance.

The primary security metrics include true positive
remediation rate, false remediation rate, residual
vulnerability — rate, patch  correctness, exploit-path
elimination, and scanner recurrence rate. Patch correctness is
measured by whether the patch removes the vulnerability
without changing intended behavior. Residual vulnerability
rate captures cases where the generated patch appears to
address the finding but leaves a bypass path. Research on
neural network architecture  optimization through
evolutionary algorithms shows that model performance
depends heavily on objective formulation and search
constraints [35]. In this work, objective formulation means
balancing vulnerability removal, minimal code change, test
success, and maintainability.

The engineering productivity metrics include mean time
to triage, mean time to remediate, developer review time,
number of manual edits required after LLM patch
generation, and pull request cycle time. Decision intelligence
frameworks for Salesforce enterprise platforms demonstrate
that predictive and prescriptive systems are valuable when
they turn complex data into operational decisions [36]. The
proposed framework applies this idea to DevSecOps by
transforming scanner findings into prioritized engineering
actions.

The quality assurance metrics include unit-test pass rate,
regression-test pass rate, security-test pass rate, mutation-test
sensitivity, code coverage change, and static re-scan
cleanliness. Adaptive ensemble approaches in software fault
detection emphasize balancing accuracy and robustness
rather than optimizing one metric in isolation [37]. Secure
remediation requires the same balance: a patch that removes
one vulnerability but introduces unstable behavior is not
acceptable. The architecture-awareness metrics include
dependency impact, service impact, APl contract
preservation, configuration preservation, and feature-flag
compatibility. ~ Graph-based  modeling  of  service
dependencies helps predict failure propagation in distributed
systems [38]. SecureRAG-Remediate uses service
dependency graphs to determine whether a patch requires
additional downstream tests or staged rollout.

The human governance metrics include reviewer
acceptance rate, explanation usefulness, audit completeness,
rollback frequency, and policy violation count. Probabilistic
reasoning in multi-agent reinforcement learning is relevant
because agent decisions under uncertainty must be evaluated
in terms of expected outcomes, constraints, and feedback
loops [39]. The proposed system uses reviewer feedback as a
governance signal to improve prompt templates, retrieval
filters, and remediation policies. The statistical evaluation
should compare baseline and framework results across
vulnerability categories, languages, repository sizes, and
severity levels. Predictive validation of banking APIs
demonstrates the importance of detecting workflow defects
before they affect transaction processing [40]. In the same
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way, the evaluation must determine whether Al-assisted
remediation reduces risk before production release rather
than merely improving scanner dashboards.

6. Static and

Normalization

Static analysis tools are strongest when they provide
precise localization and trace evidence. However, their
outputs vary widely across tools. Some report line-level
findings, while others report data-flow traces, dependency
CVEs, infrastructure misconfiguration, or secret exposure.
The framework therefore uses a normalized vulnerability
object. Comparative analysis of Pivotal Cloud Foundry and
OpenShift platforms shows that deployment environments
differ in architecture, operational control, and portability
[41]. Normalization allows findings from different tools and
platforms to be represented consistently.

Analysis Vulnerability

The vulnerability object contains the following fields:
finding ID, tool name, severity, confidence, CWE, OWASP
category, affected asset, vulnerable source, sink, path trace,
dependency version, exploitability indicators, remediation
template, owner, policy tags, and validation requirements. In
user-facing enterprise systems, chatbot research highlights
the importance of industry-specific constraints and ethical
considerations when automation interacts with customers or
business data [42]. In DevSecOps, policy tags perform a
similar function by encoding industry-specific requirements
such as HIPAA, PCI DSS, SOC 2, or internal data handling
rules.

Static analysis is also used after remediation. The
generated patch must be rescanned to verify that the original
finding is resolved and that no new findings are introduced.
SAP Fiori transition research shows that modernization
efforts require guidelines, challenge analysis, and strategic
implications because technical upgrades affect user
experience and enterprise processes [43]. Secure remediation
follows the same modernization principle: code change must
be evaluated in the broader process context, not only as a
local fix.

The framework also supports learned vulnerability
prioritization. Historical findings, code churn, ownership,
endpoint exposure, and dependency centrality can be used to
prioritize findings. HPC-based machine learning research
demonstrates that computationally intensive modeling can
accelerate scientific discovery when simulations and
analytics are integrated [44]. In enterprise DevSecOps,
similar computational integration allows static findings to be
enriched with historical repository analytics and runtime
observability.

7. Retrieval-Augmented Security Knowledge

Layer
The RAG layer is designed to provide grounded,
auditable context for wvulnerability explanation and

remediation. It uses separate indexes for public security
standards, internal policies, repository context, and approved
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historical patches. Each retrieved document is assigned a
trust level, source type, freshness score, sensitivity level, and
applicability score. Numerical methods research on
convergence demonstrates that algorithmic stability depends
on how iterative methods handle error and approximation
[45]. RAG stability likewise depends on retrieval quality,
prompt constraints, and rejection of low-trust context.

The public security index includes CWE definitions,
OWASP vulnerability classes, secure coding standards,
language-specific ~ mitigation  patterns, dependency
advisories, and cloud security configuration guidance. The
internal policy index includes approved encryption
algorithms, logging restrictions, authentication requirements,
dependency allowlists, secure API patterns, and branch
protection rules. Al-powered root cause analysis and
automated remediation research for multi-system data
integrity shows that remediation becomes more effective
when root causes are identified across system boundaries
[46]. The RAG layer applies this idea by retrieving context
across code, architecture, policy, and operational history.

Repository-specific retrieval is especially important
because vulnerabilities are rarely fixed in isolation. A SQL
injection patch may require an internal query builder rather
than a generic ORM pattern. A cross-site scripting fix may
require the organization’s approved encoding utility. A
broken access control issue may require a specific
entitlement service. Converged Al architecture research for
software lifecycle optimization and cybersecurity risk
mitigation supports the idea that development, security, and
innovation controls should be unified rather than separated
[47].

The RAG layer includes prompt-injection defenses. It
strips executable instructions from retrieved documentation
unless the source is trusted policy content. It detects
adversarial phrases such as “ignore previous instructions,”
“disable scanner,” or “exfiltrate secrets.” It also prevents
retrieved issue descriptions or comments from overriding
system policy. Reinforcement learning for dynamic service
composition shows that adaptive decisions must respect
constraints in changing network conditions [48]. Secure
retrieval similarly adapts to context while respecting non-
negotiable security rules.

8. Automated Vulnerability Remediation
Workflow

The remediation workflow begins when the static
analysis orchestrator identifies a finding above a
configurable risk threshold. The vulnerability is normalized
and enriched with repository metadata. The RAG layer
retrieves relevant evidence. The LLM generates an
explanation, patch plan, test plan, and candidate diff. The
candidate patch is applied in an isolated branch and
validated. If validation succeeds, the system opens a pull
request with a structured remediation report. Intelligent ATM
transaction validation research shows the value of real-time
validation, fraud detection, and switching integrity in
financial systems [49]. The remediation workflow applies the
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same principle of real-time integrity checking to code
changes.

For each patch, the system generates three classes of
tests. The first class is a positive regression test that verifies
the original intended behavior still works. The second class
is a negative security test that verifies the exploit path is
blocked. The third class is a boundary test that checks edge
cases around input length, encoding, null values,
authorization state, and malformed payloads. Deep learning
work on patient journey mapping demonstrates that domain-
specific workflows can benefit from predictive modeling
when engagement paths are structured and measurable [50].
Secure remediation benefits when exploit paths are similarly
structured and measurable.

The pull request includes a remediation summary,
vulnerable path, retrieved evidence, patch rationale, files
changed, tests generated, validation outcomes, residual risk,
and rollback plan. The reviewer can accept, request changes,
reject, or mark as false positive. Human-computer interaction
research on emotion understanding and mental wellness
assistance underscores that Al systems should be evaluated
not only technically but also through user-centered
interaction quality [51]. In DevSecOps, developer trust and
reviewer usability are essential adoption factors.

The workflow also supports partial automation. Low-
risk findings may receive an explanation and suggested patch
without automatic branch creation. Medium-risk findings
may receive generated tests and patch proposals. High-risk
findings may require security engineer approval before any
patch is applied. HANA in-memory computing research
shows that high-performance systems require careful
database-layer architecture and workload-specific design
[52]. Similarly, remediation automation should be tuned to
workload criticality and system risk.

9. Enterprise Implementation Considerations

Enterprise implementation requires integration with
existing DevSecOps infrastructure. The framework can be
deployed as a CI/CD extension connected to Git repositories,
issue trackers, artifact repositories, secret managers, policy
engines, and observability platforms. Al-driven quality
engineering architecture for banking, APIl, and UAT
ecosystems shows that end-to-end validation must span
multiple quality gates and business-facing workflows [53].
SecureRAG-Remediate follows that approach by linking
vulnerability remediation with testing, review, and
deployment controls.

The system should support role-based access control.
Developers may view findings and suggested patches for
owned services. Security engineers may configure policy
rules, approve high-risk remediation, and manage knowledge
sources. Platform engineers may manage scanner execution
and CI/CD integration. Audit teams may view remediation
evidence and compliance reports. Adaptive intelligence in
cloud observability and automated root cause analysis shows
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that enterprise systems benefit when monitoring and
remediation are connected through unified intelligence [54].

For organizations using customer platforms, CRM
systems, or regulated workflows, LLM remediation must
respect data boundaries. Salesforce CRM research for real-
time DeFi portfolio intelligence demonstrates that Al
workflows may combine customer engagement, forecasting,
and financial context [55]. When applied to DevSecOps, this
means code and vulnerability context may contain sensitive
business rules. The framework must support redaction,
access filtering, and private model deployment where
required.

Healthcare and clinical research modernization further
illustrates the importance of combining technical
transformation with data management controls [56]. In
healthcare software, remediation artifacts may expose
protected workflows, prescription rules, claims logic, or
patient-related processing assumptions. Therefore, secure
engineering pipelines must avoid sending sensitive code or
data to external systems unless contractual, privacy, and
compliance controls are in place.

From an engineering standpoint, the framework should
be implemented incrementally. The first stage is read-only
explanation, where the LLM summarizes findings and
retrieves relevant policy. The second stage is patch
suggestion without automatic application. The third stage is
branch-based patch generation with automated tests. The
fourth stage is policy-based autonomous pull request creation
for selected low-risk vulnerability classes. Optimized
backpropagation research reminds us that improvement often
depends on controlled iteration and feedback rather than one-
step automation [57].

10. Discussion

The proposed architecture changes the role of security
tooling from detection-only to remediation-oriented
governance. This shift is important because vulnerability
backlogs often persist not because organizations lack
scanners, but because they lack scalable remediation
workflows. Decision intelligence methodology for agile
software lifecycle governance supports the idea that software
projects require architecture-centered decision frameworks
that connect prediction, testing, and management [58].
SecureRAG-Remediate  extends  this  approach to
vulnerability remediation.

A major advantage of the framework is explainable
remediation. Developers are more likely to accept patches
when they understand the vulnerability, the exploit path, the
selected fix pattern, and the test evidence. Ethical research
on Al-based supply chain optimization warns that efficiency
must be balanced with fairness and responsible constraints
[59]. In DevSecOps, speed must be balanced with
correctness, accountability, and secure-by-design principles.

Another advantage is organizational learning. Each
accepted or rejected remediation becomes a training signal
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for future retrieval and prompt templates. If reviewers
consistently reject generic sanitization in favor of
framework-specific encoders, the knowledge base can
prioritize approved patterns. Predictive monitoring and error
mitigation in change data capture pipelines demonstrate that
historical errors can improve future monitoring and
prevention [60]. The same feedback principle applies to
vulnerability remediation.

The framework also supports multi-cloud and hybrid
architectures. API architectures for multi-cloud enterprises
show that centralized, distributed, and hybrid models each
create different governance tradeoffs [61]. Secure
remediation pipelines must work across these deployment
patterns, especially when vulnerabilities affect shared APIs,
gateway policies, service mesh rules, or identity propagation.
RAG can retrieve architecture-specific controls so that
patches align with the enterprise deployment model.

However, the framework has limitations. First, LLMs
may generate plausible but incomplete fixes. Second, static
analysis may miss vulnerabilities that require runtime
context. Third, RAG can retrieve irrelevant or outdated
documents. Fourth, generated tests may encode the same
flawed assumption as the patch. Fifth, excessive automation
may reduce developer security learning if teams accept
patches passively. Fax-to-digital prescription automation
research shows that cloud-native automation is valuable only
when OCR, machine learning, and microservices are
integrated with operational validation [62]. LLM DevSecOps
requires the same integration discipline.

11. Challenges, Risk Controls, and Future

Research

The first challenge is hallucinated remediation. An LLM
may invent a nonexistent library function, misapply a
security rule, or propose a patch that appears correct but fails
under adversarial input. Fault prediction research using
Random Forest, Logistic Regression, and KNeighbors
demonstrates that model effectiveness varies across datasets
and feature patterns [63]. This variability suggests that LLM
remediation should be benchmarked across vulnerability
classes rather than trusted uniformly.

The second challenge is overfitting to tests. A generated
patch may pass existing tests while failing to preserve
intended semantics. Therefore, future research should
combine differential testing, symbolic execution, fuzzing,
and human inspection. Monitoring and deployment
optimization research using OpenShift and Helm highlights
that deployment success depends on runtime observability
and platform-specific validation [64]. Secure remediation
should extend validation beyond CI into staged rollout
monitoring.

The third challenge is knowledge poisoning. RAG stores
may contain outdated documentation, insecure examples, or
adversarial content. Future work should develop retrieval
trust scoring, provenance verification, and policy-aware
ranking. The fourth challenge is evaluation standardization.
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Research comparing machine learning techniques for
software defect prediction shows that performance
comparison requires consistent datasets, metrics, and
experimental design [65]. LLM-driven remediation likewise
needs shared benchmarks that measure exploit elimination,
semantic preservation, and review burden.

Future research should investigate secure fine-tuning on
approved organizational patches, privacy-preserving learning
across repositories, vulnerability-specific prompt templates,
multimodal architecture retrieval, agentic test generation, and
post-deployment exploit monitoring. Another direction is
integrating software bill of materials data with remediation
reasoning so that dependency upgrades can be evaluated for
compatibility and supply-chain risk. Finally, future work
should explore developer education: instead of only
generating patches, LLM systems should explain secure
coding principles so that human capability improves over
time.

12. Conclusion

This paper presented SecureRAG-Remediate, a
reference architecture for LLM-driven DevSecOps that
integrates static analysis, retrieval-augmented generation,
controlled patch generation, automated validation, and
human governance. The proposed framework treats LLMs as
powerful but untrusted remediation assistants. It uses static
analysis to identify evidence, RAG to ground reasoning in
secure knowledge, validation gates to test generated patches,
and audit trails to preserve accountability. The paper argued
that the future of secure software engineering is not fully
autonomous code repair, but governed Al-assisted
remediation embedded inside mature DevSecOps pipelines.
By combining secure software development practices, code-
aware models, retrieval controls, enterprise policy, and
measurable validation, organizations can reduce vulnerability
backlogs while maintaining engineering discipline. The
framework contributes a practical and research-oriented
foundation for future empirical studies on secure, auditable,
and trustworthy Al-assisted software remediation.
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