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Abstract

Large Language Models are increasingly used in enterprise software development for code generation, debugging,
refactoring, documentation, and test creation. Their adoption has changed the practical workflow of software
engineering by allowing developers to obtain implementation suggestions, boilerplate code, test scaffolds,
configuration files, and architectural explanations directly from conversational systems. However, LLM-generated code
may contain security vulnerabilities, hallucinated APIs, outdated dependencies, weak authorization logic, insecure
default configurations, and implementation patterns that conflict with organizational policies. These risks are
especially significant in enterprise environments where software systems are connected to sensitive data, identity
platforms, regulated workflows, cloud infrastructure, and third-party integrations. Existing approaches such as secure
prompting and manual code review can improve generated outputs, but prompt instructions alone are insufficient
because general-purpose LLMs may not have access to current enterprise standards, approved libraries, secure coding
rules, deployment constraints, or project-specific architecture.

This paper proposes RAG-SecCode, a retrieval-augmented secure coding framework that grounds LLM-assisted
software development in authoritative and organization-specific security knowledge. The framework integrates
retrieval-augmented generation, secure coding policies, vulnerability knowledge bases, dependency governance rules,
static and dynamic validation checks, and human-in-the-loop review. RAG-SecCode is designed to improve code
security by supplying the model with relevant secure coding context before generation and by validating the generated
output after generation. The study conceptually evaluates whether retrieval-augmented secure context can improve
generated code quality compared with baseline prompting and secure prompting alone. The evaluation design
measures vulnerability count, CWE mapping, hallucinated APl frequency, dependency risk, policy compliance, test
inclusion, and human reviewer approval rate.

The paper contributes a practical framework for enterprise LLM software development by connecting recent research
on vulnerability detection, LLM-based code generation, retrieval-augmented generation, secure repair, and static
analysis. It argues that secure code generation should not be treated only as a prompting problem but as a governed
software engineering workflow. RAG-SecCode provides a structured approach for reducing insecure and hallucinated
LLM-generated code through contextual retrieval, rule-based validation, security-aware review, and continuous
feedback.

Keywords: Retrieval-Augmented Generation; Secure Coding; Large Language Models; Software Vulnerability
Detection; Enterprise Software Development; Static Analysis; Human-in-the-Loop Review; Code Generation; Policy
Compliance; Software Security.
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1. Introduction

Large Language Models have become increasingly
influential in software engineering because they can
generate code, explain program behavior, produce
tests, suggest refactorings, document APIs, and assist in
debugging. Their emergence has created a new
development pattern in which software engineers
interact with natural-language systems as coding
assistants rather than relying only on traditional
integrated development environments,
documentation, or search engines. The technical
foundation of this change is connected to the broader
progress of large-scale pretrained models, including
few-shot learning, instruction-following, and code-
oriented model adaptation (Brown et al., 2020; Ouyang,
2022; Feng et al., 2020). Code-specific models such as
CodeBERT and later code intelligence models
demonstrate that programming languages and natural
languages can be jointly represented for tasks such as
code understanding, search, and vulnerability-oriented

analysis (Feng et al., 2020; Guo et al., 2024).

Despite these capabilities, LLM-assisted software
development introduces security risks that differ from
traditional programming risks. In conventional
development, vulnerable code usually emerges from
human misunderstanding, incomplete requirements,
weak testing, insecure libraries, or poor architectural
decisions. In LLM-assisted development, these risks
remain but are amplified by probabilistic generation. An
LLM may produce code that appears syntactically
correct and semantically plausible while containing
insecure access-control logic, unsafe input handling,
hardcoded secrets, vulnerable dependency versions,
missing validation checks, or incomplete error handling.
Studies on LLM-generated code and Al coding assistants
have shown that model-generated outputs may be
functionally useful but security-sensitive, requiring
systematic review before adoption (Pearce et al., 2022;
Perry et al., 2023; Liu et al., 2023; Yetistiren et al., 2022).

The enterprise context makes this problem more
complex. Enterprise software systems are shaped by
internal coding standards, approved dependency lists,
authentication frameworks, logging policies, encryption
requirements, compliance rules, architectural patterns,
and deployment constraints. A general-purpose LLM
may not know these organizational requirements unless
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they are provided during the interaction. Even when a
developer writes a secure prompt, the model may still
rely on outdated patterns, hallucinated APIs,
deprecated libraries, or generic examples that do not
match the enterprise environment. Therefore, secure
prompting alone cannot fully address the gap between
general model knowledge and organization-specific
secure software development requirements.

This paper addresses that gap by proposing RAG-
SecCode, a retrieval-augmented secure coding
framework for enterprise LLM software development.
Retrieval-Augmented Generation has already been
established as a method for improving knowledge-
intensive natural language processing by retrieving
external information and conditioning generation on
that retrieved context (Lewis, 2020). In the software
security domain, retrieval-oriented methods are
increasingly relevant because secure code generation
depends not only on model fluency but also on access
to current and precise security knowledge. Recent work
on RAG for vulnerability detection suggests that
retrieval can enhance LLM-based vulnerability
reasoning by grounding model outputs in relevant
knowledge-level context (Du et al., 2024). RAG-SecCode
extends this principle from vulnerability detection to
secure  software

generation and  enterprise

development governance.

The central problem investigated in this paper is how
enterprise organizations can reduce security and
compliance risks when using LLMs for software
development. The paper argues that LLM-generated
code should not be accepted as a direct output from a
prompt-response interaction. Instead, it should pass
through a structured workflow that includes secure
context retrieval, policy-aware prompt construction,
post-generation validation, vulnerability mapping,
dependency risk checking, test assessment, and human
approval. This position aligns with earlier research
showing the limitations of static analysis when used
alone, the need for combined static and dynamic
methods, and the importance of structured
vulnerability datasets for evaluation (Aggarwal and
Jalote, 2006; Goseva-Popstojanova and Perhinschi,
2015; Bhandari et al., 2021; Bui et al., 2022).

The objectives of this paper are fourfold. First, it
develops a research-driven conceptual framework for
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retrieval-augmented secure code generation in
enterprise settings. Second, it explains how security
knowledge, enterprise policy, and project architecture
can be represented as retrievable context for LLM-
assisted development. Third, it proposes an evaluation
model for comparing baseline prompting, secure
prompting, and retrieval-augmented secure prompting.
Fourth, it identifies the implications and limitations of
adopting RAG-based secure coding support in real-
world organizations.

The significance of the study lies in its integration of two
rapidly developing research areas: LLM-assisted
software engineering and software vulnerability
detection. Prior work has evaluated the correctness,
security, and reliability of Al-generated code (Liu et al.,
2023; Zhong and Wang, 2024; Shen et al., 2023). Other
studies have explored vulnerability detection using
deep learning, CodeBERT, static analysis, and LLMs
(Chakraborty et al., 2022; Liet al., 2018; Gao et al., 2023;
Khare et al., 2025). However, enterprise secure coding
requires more than detecting vulnerabilities after code
is produced. It requires preventing insecure patterns at
the point of generation by grounding the model in
RAG-SecCode
responds to this need by combining retrieval,

trusted organizational knowledge.
generation, validation, and review into a unified
workflow.

The scope of this paper is limited to enterprise LLM-
assisted software development, particularly code
generation, debugging, refactoring, test creation, and
secure implementation guidance. The paper does not
claim that retrieval-augmented generation can
eliminate all vulnerabilities or replace human security
review. Instead, it positions RAG-SecCode as a risk-
reduction framework that improves the quality and
governance of LLM-generated code. Its expected value
is practical rather than purely theoretical: organizations
can use the framework to design internal secure coding
assistants that retrieve approved security policies,
enforce dependency standards, detect unsafe patterns,
and support reviewers with structured evidence.

2. Literature Review

The literature on LLM-assisted secure software
development can be organized into five interrelated
areas: traditional vulnerability detection, deep learning-

based vulnerability analysis, code-oriented language
models, security risks of Al coding assistants, and
retrieval-augmented generation. Together, these areas
provide the theoretical foundation for RAG-SecCode.

Traditional vulnerability detection research shows that
no single analysis method is sufficient for reliable
software security assurance. Aggarwal and Jalote (2006)
examined the integration of static and dynamic analysis
for wvulnerability detection, emphasizing that static
analysis can inspect code structure while dynamic
analysis can observe runtime behavior. This dual
perspective remains important for LLM-generated code
because generated code may appear correct statically
but fail under runtime conditions, edge cases, or
malicious inputs. Similarly, Goseva-Popstojanova and
Perhinschi (2015) analyzed the capability of static code
analysis to detect security vulnerabilities, showing that
static analyzers provide useful but incomplete coverage.
Arusoaie et al. (2017) compared open-source static
analysis tools for C/C++ vulnerability detection,
demonstrating variation in tool effectiveness. These
studies support the argument that RAG-SecCode should
not depend only on model generation but should
include post-generation validation using analysis tools.

Deep learning approaches expanded vulnerability
detection by learning patterns from code datasets. Li et
al. (2018) introduced VulDeePecker, a deep learning-
based system for vulnerability detection, while
Chakraborty et al. (2022) critically examined whether
deep learning-based vulnerability detection had
reached sufficient maturity. Their work indicates that
machine learning models can capture vulnerability
patterns but also face generalization, dataset, and
interpretability challenges. Bhandari et al. (2021)
introduced CVEfixes as an automated collection of
vulnerabilities and fixes from open-source software,
and Bui et al. (2022) presented Vul4) as a dataset of
reproducible Java vulnerabilities. Chen et al. (2023)
developed DiverseVul as a dataset for deep learning-
based vulnerability detection. These datasets are
important because RAG-SecCode depends on high-
quality retrievable security knowledge. Without reliable
vulnerability examples, fixes, and taxonomies, retrieval
may provide weak or misleading context.

Code-oriented language models provide the foundation
for using LLMs in programming tasks. CodeBERT
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demonstrated the value of pretraining on programming
and natural languages for code understanding tasks
(Feng et al., 2020). RoBERTa contributed to robust
language model pretraining, influencing later model
architectures and training strategies (Liu et al., 2019).
Brown et al. (2020) showed that large models can
perform few-shot tasks, while Ouyang (2022) showed
that instruction tuning and human feedback can align
model behavior more closely with user intentions.
Touvron (2023) and Guo et al. (2024) further illustrate
the development of open and code-focused language
models. These studies explain why LLMs can be useful
in software development, but they also show why
model behavior depends strongly on training data,
prompting, and alignment. In secure coding, this means
that a model may produce plausible but unsafe outputs
unless its context is constrained by current security
rules.

Research on Al coding assistants has raised concerns
about security, correctness, and reliability. Pearce et al.
(2022) assessed the security of GitHub Copilot’s code
contributions and highlighted the possibility of insecure
generated code. Perry et al. (2023) investigated
whether users write more insecure code with Al
assistants, indicating that developer behavior and trust
in generated suggestions are central to the security
problem. Liu et al. (2023) rigorously evaluated LLMs for
code generation correctness, while Zhong and Wang
(2024) studied whether ChatGPT could replace
StackOverflow and focused on robustness and
reliability. Sandoval et al. (2023) examined user security
implications of LLM code assistants. These studies show
that secure LLM-assisted development is not only a
model problem but also a socio-technical problem
reviewers, tools, and

involving  developers,

organizational workflows.

Several works specifically examine LLMs for
vulnerability detection and repair. Gao et al. (2023)
investigated how far vulnerability detection using LLMs
has progressed. Guo et al. (2024) analyzed LLM
capabilities outside the comfort zone of software
vulnerability detection. Akuthota et al. (2023) studied
vulnerability detection and monitoring using LLMs.
Khare et al. (2025) examined the effectiveness of large
language models in detecting security vulnerabilities.
Jiao et al. (2025) proposed DeepVulHunter, which
enhances LLM vulnerability detection through multi-
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round analysis. Fu et al. (2022) introduced VulRepair for
automated vulnerability repair, while Pearce et al.
(2023) examined zero-shot vulnerability repair with
large language models. These works support the
assumption that LLMs can contribute to secure software
engineering, but they also suggest that ungrounded
model reasoning may be insufficient for dependable
enterprise use.

Retrieval-Augmented Generation offers a way to
address the limitations of model-only generation. Lewis
(2020) proposed retrieval-augmented generation for
knowledge-intensive tasks, showing that generation can
be improved when models retrieve relevant external
knowledge. Du et al. (2024) applied this idea to LLM-
based vulnerability detection through knowledge-level
RAG. Collini et al. (2025) addressed context-aware RAG
using similarity validation to handle context
inconsistencies in large language models. Kazemian et
al. (2025) discussed the role of text embedding models
in data engineering, which is relevant to constructing
retrievable enterprise knowledge bases. Heumdiiller et
al. (2025) analyzed embeddings for semantic code
review comment similarity, indicating that embedding-
based retrieval can support software review contexts.
Together, these works justify RAG-SecCode’s core claim:
secure coding assistance can be improved by retrieving
relevant security and policy context before generation.

The literature also reveals important research gaps.
First, many studies evaluate LLMs as vulnerability
detectors or code generators, but fewer focus on
enterprise governance of LLM-generated code. Second,
secure prompting is often treated as a practical
technique, but there is limited structured modeling of
how prompts should be grounded in organizational
policy and retrievable security knowledge. Third,
existing vulnerability detection research often evaluates
code after it exists, while RAG-SecCode aims to reduce
vulnerabilities during generation. Fourth, RAG methods
are promising but require validation against
hallucinated APIls, dependency risks, policy violations,
and human reviewer acceptance. These gaps motivate
the proposed framework.

3. Proposed Framework: RAG-SecCode

RAG-SecCode is proposed as a retrieval-augmented
secure coding framework for enterprise LLM software

11



FEAIML, (2026)

development. Its core assumption is that secure code
generation requires more than a well-written prompt. It
requires authoritative context, organizational
grounding, validation mechanisms, and reviewer
accountability. The framework is designed around the
software development workflow rather than around the
model alone. This distinction is important because
enterprise security failures often emerge from process

gaps, not only from technical limitations.

authentication function, refactoring a controller, writing
database access logic, creating unit tests, or fixing a
vulnerability. The retrieval layer searches relevant
security knowledge, enterprise rules, approved
libraries, architecture documents, coding standards,
and vulnerability examples. The secure context
assembly layer converts retrieved materials into concise
and task-specific guidance. The generation layer uses
the LLM to produce code and explanation. The

validation layer checks the output for vulnerability

The framework consists of six main layers: the user task patterns, dependency violations, hallucinated APIs,

layer, the retrieval layer, the secure context assembly missing tests, and policy conflicts. The human review

layer, the generation layer, the validation layer, and the layer ensures that the final decision remains

human review layer. The user task layer captures the accountable to qualified developers or security

developer’s request, such as generating an

reviewers.

RAG-SecCode Architecture

1. User Input
. Developer Query / Coding Task
- e.g., “Create a secure login APl in Node.js”
2. Retrieval Layer

= B
- =HBRNE]l BB
v OWASP MITRE NIST Enterprise Approved Secure

Guidelines CWE SSDF Policies Libraries Code

Examples

Semantic Search + Ranking + Context Assembly

v

3. LLM Generation Layer
LLM (e.g., GPT-4, Llama 2, DeepSeek-Coder)
Secure Context + User Query — Code Generation

v

4. Validation Layer
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&
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Vulnerability Dependency Policy Hallucinated Test Human
Scanning Check Compliance API Detection Inclusion Review
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Risk Scoring + Findings + Recommendations

v

5. Output Layer
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Figure 1. RAG-SecCode Framework Architecture for Enterprise Secure Code Generation. The figure illustrates the
overall architecture of the proposed RAG-SecCode framework. The workflow begins with a developer request and
progresses through secure knowledge retrieval, context assembly, LLM-based code generation, automated security
validation, and human review. The architecture integrates enterprise security knowledge sources, including coding
standards, vulnerability repositories, dependency policies, and security guidelines, to ensure that generated software
artifacts align with organizational security requirements and compliance objectives.

|
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Figure 1 presents the overall architecture of the
RAG-SecCode
conventional prompt-based coding assistants, the

proposed framework. Unlike
framework introduces a retrieval layer that supplies the
language model with security-relevant organizational
knowledge before code generation. Retrieved
information includes secure coding policies, approved
dependencies, architecture constraints, vulnerability
patterns, and regulatory requirements. The generated
output subsequently passes through a validation layer
that performs vulnerability assessment, policy
dependency
hallucinated API detection, and test evaluation. Finally,

compliance  checking, verification,
human reviewers validate critical decisions before
deployment. This layered architecture establishes a
security-aware software development workflow that
combines the strengths of retrieval-augmented

generation and enterprise governance mechanisms.

The theoretical foundation of RAG-SecCode combines
retrieval-augmented generation, secure software
engineering, and human-in-the-loop validation.
Retrieval-augmented generation is used to reduce the
knowledge gap between the model and the enterprise
environment (Lewis, 2020; Du et al., 2024). Secure
software engineering principles are reflected in the use
of vulnerability detection, static analysis, dependency
governance, and policy compliance checks (Aggarwal
and Jalote, 2006; Goseva-Popstojanova and Perhinschi,
2015). Human-in-the-loop validation responds to
evidence that users may overtrust Al-generated code
and that Al coding assistants may introduce insecure
patterns if adopted without careful review (Pearce et

al., 2022; Perry et al., 2023; Sandoval et al., 2023).

In practical terms, RAG-SecCode works by transforming
a developer’s request into a security-grounded
generation task. For example, if a developer asks the
system to “create a password reset API,” a baseline LLM
may generate a function that sends reset links, stores
tokens, and updates passwords. However, the
generated code may omit token expiration, rate
limiting, secure random generation, audit logging,
replay protection, or policy-specific email handling. In
RAG-SecCode, the retrieval layer first retrieves relevant
internal password policy, approved cryptographic
library usage, token lifetime standards, logging
requirements, and known vulnerability examples
related to insecure password reset flows. The
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generation layer then receives this context and
produces code aligned with those requirements. The
validation layer checks whether the output includes
required controls and flags any missing security
element.

This approach differs from secure prompting alone.
Secure prompting may instruct the model to “write
secure code” or “follow best practices,” but such
instructions are abstract. They do not guarantee that
the model knows the organization’s approved libraries,
internal authentication middleware, or compliance
rules. Retrieval makes the prompt concrete by providing
source-specific context. This grounding is especially
important for enterprise environments because
different organizations may use different frameworks,
logging
dependency policies.

systems, access-control models, and

A second example involves dependency selection. If a
developer asks an LLM to generate code for file upload
scanning, the model may suggest a package that is
outdated, unapproved, or incompatible with the
enterprise stack. RAG-SecCode retrieves the approved
dependency list, known vulnerable package restrictions,
internal wrapper libraries, and deployment constraints.
The generated solution is then checked against
dependency risk rules. This reduces the probability of
hallucinated or unauthorized dependencies.

4. Knowledge Base Design for Secure Retrieval

The effectiveness of RAG-SecCode depends heavily on
the quality, structure, and governance of the retrievable
knowledge base. A retrieval-augmented secure coding
system is only as reliable as the knowledge it retrieves.
If the knowledge base contains outdated policies,
inconsistent guidance, or poorly indexed documents,
the generated code may become misleading. Therefore,
the knowledge base must be designed as a controlled
enterprise security asset rather than as a casual
document repository.

The knowledge base should include five categories of
content. The first category is general secure coding
guidance, including vulnerability categories, secure
implementation patterns, and common anti-patterns.
The second category is organization-specific coding
standards, such as approved authentication flows,
logging formats, encryption rules, error-handling
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conventions, and data validation requirements. The
third category is dependency and library governance,
including approved packages, prohibited versions,
internal wrappers, and migration rules. The fourth
category is project-specific architecture, such as service
boundaries, APl conventions, database models,
authorization middleware, and deployment constraints.
The fifth category is vulnerability evidence, including
previous incidents, code review comments, static
analysis findings, and known vulnerability-fix examples.

The importance of vulnerability examples is supported
by dataset-oriented research. CVEfixes, Vuld), and
DiverseVul show that vulnerability knowledge can be
represented through code examples, fixes, metadata,
and reproducible test cases (Bhandari et al., 2021; Bui
et al., 2022; Chen et al., 2023). In RAG-SecCode, such
structured vulnerability evidence can help the model
avoid repeating known insecure patterns. For example,
if a previous enterprise incident involved missing
authorization checks in object-level access control, the
knowledge base can include the vulnerable pattern,
corrected pattern, and reviewer explanation. When a
developer later asks for similar endpoint code, the
system can retrieve this example and guide the LLM
away from the insecure design.

Embedding and retrieval quality are central to this
process. The system must retrieve context that is
semantically relevant to the developer’s task, not
merely keyword-matched. Research on embeddings for
code review similarity suggests that semantic
representations can support software engineering tasks
where exact keywords differ but underlying meaning is
similar (Heumdiller et al., 2025). For example, a
developer may ask for “tenant-safe record update
logic,” while the relevant policy document may use the
phrase “object-level authorization in multi-tenant
services.” A good retrieval system should connect these
concepts.

However, retrieval also introduces risks. Collini et al.
(2025) emphasize context-aware RAG and similarity
validation because retrieved information may be
inconsistent or irrelevant. In secure coding, irrelevant
retrieval can be harmful. If the system retrieves
outdated encryption guidance or a policy for the wrong
programming language, the generated code may
become insecure despite appearing grounded.
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Therefore, RAG-SecCode includes retrieval validation.
Retrieved documents must be checked for recency,
authority, project relevance, and conflict. When
multiple retrieved sources disagree, the system should
prioritize higher-authority enterprise policy over
generic examples.

The knowledge base must also support traceability.
Every generated code recommendation should be
linked to the retrieved policies or examples that
influenced it. Traceability improves reviewer confidence
because the reviewer can inspect why the model
suggested a specific security control. It also supports
governance because organizations can audit whether
the assistant consistently follows approved standards.
This is important in enterprise settings where software
changes may be subject to compliance review, security
certification, or internal audit.

5. Secure Context Assembly and Prompt Construction

Secure context assembly is the process of transforming
retrieved knowledge into a compact, task-specific
prompt context. This stage is necessary because LLMs
have finite context windows, and raw retrieved
documents may be too long, redundant, or inconsistent.
The goal is not to paste all available security
documentation into the prompt but to provide the
model with precise constraints that directly affect the
requested coding task.

A secure context package should include the task
summary, relevant security requirements, approved
patterns,  prohibited patterns,
dependency constraints, expected tests, and validation
criteria. For example, a context package for SQL query
should
parameterized queries, input validation, transaction

implementation

generation include  requirements  for
handling, error handling, logging restrictions, and
prohibited string concatenation. A context package for
authentication code should include token handling
rules, session expiration, rate limiting, audit logging, and

approved authentication middleware.

The difference between generic prompting and secure
context assembly is specificity. A generic prompt may
say, “Generate secure login code.” A secure context
package says, in effect, “Generate login code using the
enterprise-approved authentication service, do not
store passwords directly, use the approved hashing
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utility, apply account lockout after configured failed
attempts, log authentication failure events without
storing credentials, and include unit tests for invalid
credentials, locked account, and successful login.” This
level of grounding reduces ambiguity and improves
policy compliance.

The theoretical basis for this stage is connected to
instruction following and in-context learning. Large
models can adapt to task instructions and examples in
context (Brown et al., 2020; Ouyang, 2022). Dai (2023)
suggests that language models may implicitly perform
forms of in-context adaptation. Chain-of-thought and
graph-of-thought methods further show that structured
reasoning can improve complex task performance (Wei,
2022; Besta, 2024). In RAG-SecCode, however, the
objective is not to make the model reason freely but to
make it reason within security constraints. Secure
context assembly therefore functions as a boundary-
setting mechanism.

The context assembly process should also include
negative examples. Vulnerability research shows that
models can learn from patterns of insecure code and
corresponding fixes (Li et al., 2018; Fu et al., 2022). A
secure prompt may include a short “avoid this pattern”
section when relevant. For example, if generating file
upload code, the context may warn against trusting file
extensions, saving files with user-controlled names, or
exposing uploaded files directly from executable
directories. The model can then generate safer code
that avoids known anti-patterns.

A key limitation is that longer context does not
automatically mean better security. Excessive context
can dilute the most important constraints and increase
the chance that the model focuses on irrelevant details.
Therefore, RAG-SecCode proposes context ranking and
compression. Retrieved materials should be ranked
according to task relevance, authority, recency, and
specificity. The final context should be short enough for
the model to use effectively but detailed enough to
constrain unsafe generation.

6. Validation Layer and Security Assurance
Mechanisms

The validation layer represents one of the most
important components of the RAG-SecCode framework
because retrieval-augmented generation alone cannot

guarantee secure software outcomes. Even when an
LLM receives authoritative context, generated code may
still contain implementation mistakes, omitted controls,
logic flaws, or dependencies that violate organizational
requirements. Consequently, validation acts as a
defense
generated outputs before deployment or acceptance.

secondary mechanism that evaluates

The validation layer consists of six interconnected

assessment modules: vulnerability scanning,
dependency verification, policy compliance checking,
hallucination detection, test coverage analysis, and
human review preparation. These modules operate
independently of the generation process and provide

objective measurements of generated code quality.
6.1 Vulnerability Detection and CWE Mapping

A primary objective of validation is identifying security
weaknesses in generated code. Vulnerability detection
research demonstrates that both traditional analysis
methods and machine-learning approaches remain
valuable for software security assessment (Aggarwal
and Jalote, 2006; Chakraborty et al., 2022). RAG-
SecCode therefore adopts a hybrid validation approach.

Generated code is evaluated against known

vulnerability categories using Common Weakness
Enumeration (CWE) mappings. Potential findings
include:

Injection vulnerabilities

Authentication weaknesses
Authorization flaws

Sensitive data exposure

Insecure cryptographic implementation
Improper input validation

Race conditions

Resource management weaknesses

Mapping vulnerabilities to CWE categories improves
interpretability because reviewers can connect findings
to established security taxonomies. This also enables
organizations to compare generated code risk across
projects and development teams.
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6.2 Dependency Risk Assessment

Enterprise software increasingly depends on third-party
packages, frameworks, SDKs, and cloud libraries. While
LLMs frequently recommend external dependencies,
they may suggest deprecated, vulnerable, or
unauthorized components.

Dependency validation evaluates:
Approved versus unapproved libraries
Known vulnerable package versions
Licensing restrictions

Organizational dependency policies
Maintenance status

Update history

This mechanism addresses a common weakness of Al-
generated code where seemingly functional solutions
rely on risky software components.

6.3 Hallucinated API Detection

Hallucination remains a significant limitation of
contemporary LLMs (Shen et al., 2023; Zhong and Wang,
2024). In
frequently appear as:

software engineering, hallucinations

Non-existent APIs

Invalid method names

Fabricated parameters
Unsupported framework features
Incorrect library usage

Hallucinated APIs are especially dangerous because
they often appear plausible to developers. RAG-
SecCode addresses this challenge by validating
generated APIs against approved documentation
repositories and enterprise service catalogs.

6.4 Policy Compliance Verification

Enterprise software development operates under
formal governance requirements. Generated code may
technically function while violating mandatory
organizational controls.
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Policy compliance validation verifies adherence to:
Secure coding standards

Authentication requirements

Encryption policies

Logging requirements

Data retention rules

Access-control frameworks

Regulatory constraints

This step ensures alignment between generated code
and enterprise governance objectives.

6.5 Test Inclusion Assessment

Research consistently demonstrates that software
quality improves when testing is integrated into
development workflows. However, Al-generated code
frequently lacks meaningful test coverage.

RAG-SecCode evaluates whether generated outputs
include:

Unit tests

Negative test cases
Security tests
Boundary-condition tests
Error-handling tests
Integration validation

The presence of comprehensive tests serves as an
indirect indicator of implementation quality.

6.6 Human Reviewer Support

Rather than replacing human expertise, RAG-SecCode
enhances reviewer effectiveness. Validation outputs are
summaries

transformed  into  reviewer-friendly

containing:
Security findings
Policy violations

Dependency concerns
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Hallucination alerts
Missing test coverage
Risk prioritization

This allows security teams to focus attention on the
most critical areas while maintaining accountability.

7. Research Methodology

This study adopts a conceptual and framework-oriented
research methodology designed to evaluate the
effectiveness of retrieval-augmented secure coding
support within enterprise software development
environments.

The methodology compares three software generation
scenarios:

Scenario A: Baseline Prompting

Developers interact with an LLM using ordinary
software development prompts without security-
specific guidance.

Example:
"Create a REST APl endpoint for user registration."

The model generates code solely based on internal
training knowledge.

Scenario B: Secure Prompting
Developers provide explicit security instructions.
Example:

"Create a secure REST APl endpoint for user registration
using best practices."

Although improved, this approach still depends entirely
on model knowledge.

Scenario C: RAG-SecCode

The system retrieves:

https://irjernet.com/index.php/feaiml/index

Security policies

Approved libraries
Vulnerability examples
Architecture standards
Dependency requirements

These materials are assembled into secure context
before generation.

The generated output is subsequently validated through
the proposed security assurance pipeline.

7.1 Evaluation Metrics

The proposed evaluation framework uses seven primary
metrics.

Vulnerability Count

Number of identified security weaknesses per
generated artifact.

CWE Coverage

Number and severity of mapped weakness categories.
Hallucinated API Frequency

Rate of non-existent or invalid APl usage.
Dependency Risk Score

Presence of unauthorized or vulnerable dependencies.
Policy Compliance Score

Degree of alighment with enterprise standards.

Test Inclusion Rate

Percentage of outputs containing meaningful tests.
Human Reviewer Approval Rate

Percentage of generated outputs approved by expert
reviewers.
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Figure 2. RAG-SecCode Evaluation Framework for Comparative Assessment of Secure Code Generation
Approaches. The figure illustrates the proposed experimental evaluation methodology used to compare baseline
prompting, secure prompting, and retrieval-augmented secure prompting. Each scenario undergoes identical
validation procedures and is assessed using vulnerability count, CWE mapping, hallucinated API frequency,
dependency risk, policy compliance, test inclusion, and human reviewer approval metrics.

Figure 2 illustrates the proposed evaluation framework
for assessing the effectiveness of RAG-SecCode. Three
software generation scenarios are compared: baseline
prompting, secure prompting, and retrieval-augmented
secure prompting. Each generated artifact is processed
through a common validation pipeline to ensure
consistency across experimental conditions.
Performance is measured using security-oriented
metrics, including vulnerability prevalence, policy
compliance, dependency risk, hallucinated API
frequency, and reviewer acceptance. The framework
enables systematic comparison of how retrieval-
augmented security context influences software quality
and security outcomes relative to conventional

prompting approaches.
7.2 Expected Evaluation Dataset
Evaluation can utilize:

CVEfixes (Bhandari et al., 2021)

https://irjernet.com/index.php/feaiml/index

Vul4J (Bui et al., 2022)

DiverseVul (Chen et al., 2023)

Enterprise coding standards

Internal vulnerability repositories

Historical code-review records

datasets  with

Combining  public  vulnerability

organizational artifacts enables realistic assessment of
enterprise deployment scenarios.

8. Expected Results and Findings

The proposed framework is expected to demonstrate
measurable improvements across all evaluation
dimensions when compared with baseline prompting
and secure prompting approaches.

First, vulnerability frequency is expected to decline
substantially because retrieval provides direct access to
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secure implementation guidance before generation
occurs. Rather than relying exclusively on pretrained
knowledge, the model receives context-specific
instructions aligned with current security requirements.
This should reduce common weaknesses related to
authentication, authorization, input validation, and
dependency selection.

Second, hallucinated API usage is expected to decrease

because retrieved documentation constrains
generation to approved interfaces and verified
implementation  patterns.  Since  hallucinations
frequently emerge from incomplete contextual
grounding, retrieval should improve factual consistency

within generated software artifacts.

Third, policy compliance is expected to improve
significantly. Traditional prompting rarely captures the
complexity of enterprise governance requirements.
RAG-SecCode introduces organization-specific context,
enabling generated code to align with internal
development practices rather than generic coding
examples.

Fourth, dependency governance performance is
expected to improve. The framework's retrieval and
validation mechanisms should reduce the probability of
introducing vulnerable, deprecated, or unauthorized
software components.

Fifth, generated outputs are expected to include more
comprehensive testing artifacts. Because testing
requirements become part of retrieved context, the
model receives explicit expectations regarding
verification and quality assurance.

Finally, human reviewer approval rates are expected to
increase. Reviewers are likely to encounter fewer critical
security issues, fewer policy violations, and stronger
alignment with enterprise standards. As a result, review
cycles may become more efficient while maintaining
security rigor.

Collectively, these findings support the hypothesis that
secure software generation should be treated as a
context-governed engineering process rather than a
prompt engineering problem alone. The anticipated
improvements suggest that retrieval-augmented secure
coding frameworks can serve as practical mechanisms

https://irjernet.com/index.php/feaiml/index

for enterprise risk reduction while preserving developer
productivity.

9. Discussion

The findings suggest that the primary challenge in
secure LLM-assisted development is not merely model
capability but contextual alignment. Modern language
models possess significant coding knowledge and
increasingly demonstrate competence in vulnerability
detection, repair, reasoning, and testing (Gao et al.,
2023; Khare et al., 2025; Jiao et al., 2025). However,
enterprise software security requires adherence to
organization-specific requirements that typically exist
outside model training data.

The proposed framework addresses this limitation

through retrieval augmentation. By grounding
generation in authoritative security sources and
enterprise policies, RAG-SecCode transforms software
generation into a constrained reasoning process. This
approach is consistent with broader research
demonstrating the value of retrieval for knowledge-

intensive tasks (Lewis, 2020; Collini et al., 2025).

A key implication is that future secure coding assistants
may increasingly function as enterprise knowledge
interfaces rather than standalone Al models. Their
effectiveness will depend less on raw model size and
more on the quality of organizational knowledge
retrieval, validation infrastructure, and governance
controls.

The framework also contributes to ongoing discussions
about Al reliability. Studies have highlighted concerns
regarding hallucinations, insecure code generation, and
developer overreliance on automated
recommendations (Pearce et al.,, 2022; Perry et al,,
2023; Sandoval et al., 2023). RAG-SecCode introduces
safeguards that reduce these risks without eliminating
human oversight. This balance is important because
complete automation remains unrealistic for security-

critical software systems.

Nevertheless, several limitations must be
acknowledged. First, retrieval quality directly influences
generation quality. Incomplete or outdated security
repositories may produce misleading
recommendations. Second, enterprise knowledge bases

require ongoing maintenance and governance. Third,
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validation tools themselves may generate false positives
and false negatives. Fourth, human reviewers remain
necessary because security vulnerabilities frequently
involve contextual business logic that automated
systems cannot fully evaluate.

Another limitation

organizations often maintain thousands of policies,

concerns  scalability. Large
architectural documents, and code repositories.
Efficient retrieval from such environments requires
sophisticated indexing, ranking, and embedding
strategies. Poor retrieval performance could reduce
system effectiveness despite strong model capabilities.

Despite these challenges, the framework provides a
practical path toward safer enterprise adoption of Al-
assisted software development. Rather than attempting
to eliminate risk entirely, it introduces layered controls
that systematically reduce vulnerability exposure while
maintaining productivity benefits associated with LLM-
assisted engineering.

10. Conclusion

The rapid adoption of Large Language Models in

software engineering has created significant
opportunities for productivity improvement while
simultaneously introducing new security risks.
Generated code may contain vulnerabilities,
hallucinated APIs, insecure dependencies, policy
violations, and implementation flaws that are difficult to
identify during ordinary development workflows.
Existing mitigation strategies based solely on prompt
engineering are insufficient because general-purpose
language models typically lack access to organization-
specific knowledge and

security governance

requirements.

This paper proposed RAG-SecCode, a retrieval-
augmented secure coding framework designed
specifically for enterprise software development
environments. The framework integrates secure
knowledge retrieval, context assembly, LLM generation,
automated validation, dependency governance, policy
compliance assessment, and human-in-the-loop review.
By grounding generation in authoritative security
guidance and organizational standards, the framework
seeks to reduce vulnerabilities before they enter the
software lifecycle.

https://irjernet.com/index.php/feaiml/index

The study demonstrates that secure code generation
should be viewed as a governed software engineering
workflow rather than an isolated model interaction.
Retrieval augmentation provides a mechanism for
connecting LLM capabilities with enterprise knowledge
assets, while validation and review layers provide
accountability and risk control. Expected outcomes
include reductions in vulnerability frequency,
hallucinated API usage, dependency risks, and policy
violations, accompanied by improvements in reviewer

confidence and approval rates.

Future research should empirically evaluate RAG-
SecCode using controlled enterprise development
environments, investigate adaptive retrieval strategies,
explore automated policy learning, and examine long-
term security outcomes across diverse programming
languages and architectures. As Al-assisted software
engineering continues to evolve, retrieval-augmented
secure coding frameworks may become foundational
components of enterprise secure development
ecosystems.
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