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Abstract

Large Language Models (LLMs) are increasingly embedded in enterprise software
development workflows for source-code generation, debugging, documentation, test creation,
refactoring, and design assistance. While these systems improve productivity and reduce
repetitive programming effort, their deployment in enterprise environments introduces
significant risks related to insecure code suggestions, hallucinated functionality, non-
compliant logic, weak explainability, dependency misuse, and over-reliance by developers.
This research paper investigates how LLM-assisted code generation can be made secure,
reliable, and trustworthy through a structured governance-oriented framework that
integrates prompt constraints, retrieval support, policy-based filtering, automated validation,
secure coding guardrails, and human-in-the-loop review.

Drawing only on the provided literature, the study positions enterprise code generation
within the broader development of LLMs, code-specialized models, hardware generation
models, design automation agents, and Al-assisted engineering workflows. Prior work on GPT-
4, StarCoder, CodeGen2, Magicoder, VerilogEval, RTLLM, OpenLLM-RTL, ChipNeMo, ChipGPT,
AutoChip, and secure hardware generation demonstrates that LLMs can generate technically
meaningful artifacts but remain vulnerable to correctness gaps, evaluation instability,
insufficient domain grounding, and security-sensitive errors (Achiam, 2023; Li, 2023; Nijkamp
et al.,, 2023; Wei et al., 2023; Liu et al,, 2023; Lu et al,, 2023; Thakur et al., 2023). This paper
extends those insights to enterprise software engineering and proposes a Trustworthy Secure
Code Generation Framework organized around six layers: task specification, retrieval-
augmented contextualization, constrained generation, security-policy enforcement, validation
and testing, and accountable human approval.

The findings suggest that trustworthiness in LLM-assisted enterprise code generation cannot
be achieved by model scale alone. Instead, it requires layered controls that combine technical
verification, organizational policy, developer accountability, and continuous feedback. The
proposed framework reduces the probability of insecure code propagation, improves
explainability of generated outputs, supports compliance-oriented review, and transforms
LLMs from autonomous code producers into controlled development assistants. The paper
concludes that enterprise adoption of LLM-assisted coding should prioritize measurable trust,
secure-by-design workflows, traceable decision-making, and hybrid human-AI governance.
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Introduction

Enterprise software development is increasingly influenced by generative artificial intelligence, particularly Large Language
Models capable of producing code, explaining functions, generating tests, identifying bugs, and supporting documentation. The
emergence of models such as GPT-4 has demonstrated that LLMs can perform complex language and reasoning tasks across
programming, design, and technical problem-solving contexts (Achiam, 2023). In parallel, code-focused systems such as
StarCoder, CodeGen2, Magicoder, and Mistral have shown that training on programming and natural-language corpora enables
models to generate syntactically and semantically useful code-like outputs (Li, 2023; Nijkamp et al.,, 2023; Wei et al., 2023; Jiang,
2023). These developments create substantial opportunities for enterprise software teams seeking faster delivery, improved
developer productivity, automated documentation, and accelerated prototyping.

However, enterprise environments differ significantly from individual programming contexts. Enterprise software often
operates within regulated, security-sensitive, and mission-critical infrastructures. Generated code may affect authentication,
authorization, financial processing, healthcare records, network communications, cloud infrastructure, and customer data. In
such contexts, a code suggestion that appears functionally correct may still introduce injection vulnerabilities, insecure
dependency usage, missing validation, broken access control, weak cryptographic assumptions, or compliance violations. The
central research problem is therefore not whether LLMs can generate code, but whether LLM-assisted development can be
made trustworthy enough for enterprise deployment.

Existing literature shows both the promise and limits of LLM-assisted technical generation. Studies on Verilog and hardware
description generation demonstrate that LLMs can translate design intent into structured implementation artifacts but require
benchmarks, validation, and feedback loops to manage correctness (Liu et al., 2023; Lu et al,, 2023; Thakur, 2023). Research on
domain-adapted models such as ChipNeMo indicates that domain specialization improves performance when models are
aligned with technical vocabulary and design constraints (Liu, 2023). Work on AutoChip and Chip-chat further suggests that
conversational LLM systems can support iterative design but must be constrained by verification and expert supervision
(Blocklove et al., 2023; Thakur et al,, 2023). These findings are directly relevant to enterprise software development because
code generation, like hardware generation, requires correctness under constraints rather than merely plausible textual output.

The security dimension is especially important. Ahmad et al. explored the use of LLMs for fixing hardware security bugs,
showing that generative models can assist security repair but must be carefully evaluated due to the risk of incomplete or
incorrect fixes (Ahmad et al., 2023). Nair et al. examined secure hardware generation using ChatGPT resistant to Common
Weakness Enumerations, highlighting the need for security-aware generation and vulnerability-oriented evaluation (Nair et al.,
2023). Although these works focus on hardware, they reinforce a broader principle: security cannot be treated as an
afterthought in Al-generated technical artifacts. Instead, security must be embedded into the generation process, validation
pipeline, and review structure.

This paper addresses the question of how enterprises can adopt LLM-assisted code generation while reducing risks associated
with insecure suggestions, hallucinated outputs, low-quality logic, and unverified dependencies. The study proposes a
framework based on prompt constraints, retrieval-supported grounding, policy-based filtering, automated validation, secure
coding guardrails, and human-in-the-loop review. The framework treats LLMs as assistive components within a controlled
software development lifecycle rather than as independent software engineers. This distinction is crucial because LLMs
generate outputs based on learned statistical patterns and prompt context, not on formal guarantees of correctness, security, or
compliance.

The objectives of this research are fourfold. First, it synthesizes the provided literature on LLMs, code generation, hardware
design automation, security repair, benchmarking, and Al-assisted technical systems. Second, it identifies the trust and security
gaps that arise when LLMs are used in enterprise software development. Third, it proposes a practical framework for
trustworthy and secure code generation. Fourth, it evaluates the expected implications, limitations, and operational
requirements of such a framework in enterprise environments.
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The significance of this study lies in its attempt to move beyond productivity-centered discussions of Al-assisted coding. While
speed and automation are important, enterprise adoption requires a broader view of trustworthiness. Trustworthy LLM-
assisted code generation must satisfy functional correctness, security compliance, explainability, traceability, maintainability,
and accountability. A model that generates code quickly but introduces hidden vulnerabilities creates long-term technical debt
and organizational risk. Conversely, an LLM system embedded within secure workflows can support developers without
weakening quality controls.

The scope of this paper is limited to conceptual, architectural, and analytical dimensions of trustworthy LLM-assisted enterprise
code generation. It does not present empirical benchmark results from a live implementation. Instead, it develops a research-
driven framework grounded in the provided references and evaluates expected outcomes based on patterns established in prior
studies. This approach is appropriate because the literature itself demonstrates that trustworthy Al-assisted engineering is not
a single-model problem but a system-level design challenge involving data, prompts, validation, domain adaptation, feedback,
and human governance (Chang, 2024; Chen, 2024; Rapp, 2022).

Literature Review

The literature on LLM-assisted technical generation reveals a rapid transition from general-purpose language modeling to
domain-specific engineering assistance. Achiam’s technical report on GPT-4 establishes the foundational capability of modern
LLMs to perform complex reasoning, code-related tasks, and instruction following across diverse domains (Achiam, 2023).
However, general-purpose capability does not automatically translate into enterprise trustworthiness. Enterprise code
generation requires domain grounding, security constraints, validation, and accountability. The gap between broad model
intelligence and controlled software reliability becomes a recurring theme across the provided studies.

Code-oriented LLMs such as StarCoder, CodeGen2, Magicoder, and Mistral represent important advances in programming-
language generation. StarCoder emphasizes the value of source-code-oriented training for improving generation quality in
programming contexts (Li, 2023). CodeGen2 analyzes lessons from training LLMs on programming and natural languages,
suggesting that code generation benefits from both syntactic exposure and natural-language instruction alignment (Nijkamp et
al,, 2023). Magicoder further argues that source code itself provides strong training signals for code generation tasks (Wei et al,,
2023). Mistral 7B illustrates the relevance of efficient open models, which is significant for enterprises that may prefer
controllable, deployable, or private models over closed external systems (Jiang, 2023). Together, these works show that model
architecture and training data matter, but they do not remove the need for security validation.

A major portion of the provided literature focuses on LLMs in hardware design and electronic design automation. Although this
domain differs from enterprise software development, it offers strong analogical insight because hardware description
generation demands correctness, structural consistency, and verification. ChipGPT evaluates how far natural language can
support hardware design, raising questions about the translation of human intent into formal implementation (Chang, 2023).
ChatEDA proposes an autonomous agent for electronic design automation, showing the potential of LLM-powered agents to
coordinate technical workflows (He, 2023). ChipNeMo demonstrates that domain-adapted LLMs can support chip design more
effectively than generic models when specialized vocabulary and design conventions are incorporated (Liu, 2023). These
studies imply that enterprise software generation will similarly benefit from domain-specific context, codebase-aware retrieval,
and policy-aligned prompting.

Benchmarking studies deepen this perspective. VerilogEval evaluates LLMs for Verilog code generation and demonstrates the
importance of systematic benchmarks for measuring model output quality (Liu et al., 2023). RTLLM provides an open-source
benchmark for RTL generation, emphasizing reproducible evaluation in design tasks (Lu et al., 2023). OpenLLM-RTL expands
this direction by offering open datasets and benchmark structures for LLM-aided RTL design generation (Liu et al., 2024).
Thakur’s benchmarking work on automated Verilog RTL code generation similarly highlights that generation quality must be
measured rather than assumed (Thakur, 2023). For enterprise software, the implication is clear: LLM-generated code must pass
automated tests, static analysis, security scanning, dependency checks, and human review before integration.

Security-focused studies are particularly relevant. Ahmad et al. examine the use of LLMs for fixing hardware security bugs and
reveal that LLMs can assist in security repair but may also generate incomplete or misleading fixes (Ahmad et al.,, 2023). Nair et
al. investigate secure hardware generation resistant to CWEs, directly aligning with the concern that generated technical
artifacts must be evaluated against known weakness categories (Nair et al., 2023). Kande’s work on LLM-assisted generation of
hardware assertions suggests another important mechanism: generated artifacts can be paired with generated or validated
assertions to improve verification coverage (Kande, 2023). Enterprise software can adopt a comparable approach by requiring
LLM-generated code to include tests, assertions, type checks, input validation, and security rationales.
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Conversational and feedback-based systems also inform this research. Chip-chat identifies challenges and opportunities in
conversational hardware design, showing that iterative interaction can improve design refinement but may also amplify
ambiguity if user intent is underspecified (Blocklove et al., 2023). AutoChip uses LLM feedback for HDL generation, indicating
that feedback loops can improve generated artifacts when structured properly (Thakur et al., 2023). BetterV introduces
controlled Verilog generation with discriminative guidance, reinforcing the value of guidance mechanisms that constrain
generation toward acceptable outputs (Pei et al,, 2024). These studies support the view that trustworthy code generation
requires multi-stage interaction rather than one-shot prompting.

Several studies extend LLM-assisted generation into broader design and specification contexts. SpecLLM explores the
generation and review of VLSI design specifications, suggesting that LLMs can contribute not only to implementation but also
to requirements-level reasoning (Li et al., 2024). GPT4AIGChip investigates next-generation Al accelerator design automation
through LLMs, demonstrating the possibility of integrating LLMs into complex engineering pipelines (Fu, 2023). MG-Verilog
introduces a multi-grained dataset for enhanced LLM-assisted Verilog generation, showing that generation quality depends on
the granularity and structure of training and evaluation data (Zhang et al., 2024). These works are relevant because enterprise
software failures often originate in ambiguous requirements and insufficient specification, not only in poor implementation.

Research beyond hardware also contributes useful theoretical positioning. BRIO addresses order in abstractive summarization,
which is relevant because code generation often requires prioritizing correct constraints over plausible but irrelevant output
(Liu et al, 2022). Scheduled sampling addresses the mismatch between training and generation dynamics in sequence
prediction, a foundational issue for understanding why models may drift during autoregressive output generation (Bengio et
al,, 2015). Shaib et al. examine measurement of text diversity, which is relevant to evaluating whether generated outputs are
meaningfully varied or merely superficially different (Shaib et al., 2024). These studies support the need for robust evaluation
metrics in generated code quality.

The wireless and networking references, though not directly about code generation, offer useful system-level analogies. Age-of-
information research emphasizes freshness, timeliness, and update policies in networked systems (Kaul et al., 2012; Liu et al.,
2018; Hu et al., 2021). Enterprise code generation similarly depends on freshness of retrieved documentation, dependency
versions, vulnerability advisories, and internal coding policies. Work on retrieval-augmented generation for next-generation
networking indicates that retrieval can improve interactive Al systems by grounding outputs in external knowledge (Zhang,
2024). Studies on edge inference and generative Al agents for networks highlight deployment trade-offs involving latency,
resource constraints, specialization, and reliability (Zhang, 2025; Zhang, 2024). These insights support the view that enterprise
LLM systems must manage context freshness, deployment architecture, and operational constraints.

The research gap emerging from the literature is that existing studies demonstrate LLM capability in code-like and engineering
generation, but fewer provide an enterprise-specific trust framework combining security guardrails, retrieval grounding,
validation, policy enforcement, and human accountability. Benchmarking work measures correctness; domain-adaptation work
improves relevance; security studies address vulnerability repair; agentic systems support workflow automation. Yet enterprise
software development requires these elements to be integrated into one controlled lifecycle. This paper addresses that gap by
proposing a Trustworthy Secure Code Generation Framework for enterprise environments.

Methodology & Concepts
Conceptual Foundation of Trustworthy LLM-Assisted Code Generation

Trustworthy LLM-assisted code generation refers to the use of generative language models in software development under
conditions that preserve security, reliability, explainability, compliance, and developer accountability. It differs from ordinary
code completion because enterprise environments require generated outputs to satisfy organizational standards, architectural
rules, regulatory obligations, and long-term maintainability. A generated function that compiles successfully may still be
untrustworthy if it uses unsafe authentication logic, exposes sensitive data, lacks input validation, or introduces undocumented
dependencies.

The theoretical foundation of this concept rests on the distinction between plausibility and correctness. LLMs generate tokens
that are statistically likely given the prompt and training distribution. This allows them to produce coherent code structures,
but coherence does not guarantee correctness. The same issue is visible in hardware generation research, where models can
produce syntactically valid Verilog while failing functional requirements or design constraints (Liu et al.,, 2023; Lu et al., 2023).
Enterprise software development therefore requires a shift from output acceptance to output verification.

Trustworthiness also requires alignment between user intent, organizational policy, and generated implementation. In
enterprise development, tasks are rarely isolated. A generated API endpoint may interact with identity providers, databases,
logging systems, encryption modules, and deployment pipelines. If the model lacks sufficient context, it may hallucinate
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architecture-specific details or produce code inconsistent with internal practices. Domain-adapted models such as ChipNeMo
show that specialized context improves technical relevance, but even domain adaptation must be combined with verification
(Liu, 2023).

A trustworthy system must therefore treat LLM outputs as candidates rather than final artifacts. Candidate code should be
evaluated through automated tests, static analysis, secure coding rules, dependency checks, and human review. This model
aligns with benchmarking research in RTL generation, where performance is assessed using reproducible evaluation rather
than subjective usefulness (Thakur, 2023; Liu et al., 2024). In software engineering, similar evaluation must include unit tests,
integration tests, vulnerability scanning, policy compliance, and maintainability assessment.

Enterprise Risk Landscape in LLM-Assisted Code Generation

Enterprise software development exposes LLM-generated code to a risk landscape that includes security vulnerabilities,
compliance failures, reliability defects, intellectual property concerns, and governance gaps. Security risk is the most visible
because generated code may include unsafe patterns such as missing input validation, weak access control, insecure
deserialization, hard-coded secrets, unsafe cryptographic assumptions, or improper error handling. The relevance of this risk
is supported by security-oriented LLM studies showing that generative models can assist with bug fixing but require careful
validation to avoid incomplete repairs (Ahmad et al., 2023; Nair et al,, 2023).

Correctness risk arises when the model misunderstands requirements or produces logic that works only for narrow cases. In
enterprise systems, partial correctness may be more dangerous than immediate failure because defects can remain hidden until
triggered by edge cases. Hardware generation benchmarks show that even technically fluent models require formal or
structured evaluation to ensure functional accuracy (Liu et al.,, 2023; Lu et al., 2023). The same logic applies to enterprise code:
generated outputs must be tested against requirements, not merely reviewed for surface plausibility.

Hallucination risk occurs when the model invents APIs, configuration options, library methods, database schemas, or
architectural assumptions. Such hallucinations are especially problematic in large organizations where codebases include
internal frameworks and proprietary libraries. Retrieval-augmented approaches can reduce hallucination by grounding
generation in relevant internal documentation, similar to how retrieval-augmented interactive Al has been proposed for
networking systems (Zhang, 2024). However, retrieval must be fresh and authoritative; otherwise, the model may confidently
reproduce outdated practices.

Compliance risk emerges when generated code violates organizational policies or regulatory requirements. For example, a
generated logging function may accidentally record personally identifiable information, or a data-processing module may omit
required retention rules. Unlike syntactic errors, compliance defects may not be detected by compilers or basic tests. This makes
policy-based filtering essential. The generated code must be checked not only for whether it runs, but also for whether it
conforms to enterprise rules.

A further risk is automation bias. Developers may trust generated code because it appears polished or because LLMs provide
confident explanations. Conversational design studies show that interactive systems can support engineering tasks, but they
also introduce ambiguity when human users accept outputs without sufficient verification (Blocklove et al., 2023). Human-in-
the-loop review must therefore be designed as active accountability rather than passive approval.

Proposed Trustworthy Secure Code Generation Framework

This paper proposes a six-layer Trustworthy Secure Code Generation Framework for enterprise software development. The
framework consists of task specification, retrieval-augmented contextualization, constrained generation, policy-based filtering,
validation and testing, and human-in-the-loop approval. Each layer addresses a distinct weakness in ordinary LLM-assisted
coding.
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Figure 1. High-level Architecture of the Proposed Trustworthy LLM-Assisted Code Generation Framework

To operationalize secure and trustworthy Al-assisted software engineering, this study proposes a multi-layered enterprise
framework integrating contextual retrieval, constrained generation, automated validation, and human-centered governance.
The framework is designed to reduce hallucinations, improve security compliance, and ensure accountable deployment of
generated code artifacts. Figure 1 illustrates the overall architecture of the proposed trustworthy LLM-assisted code generation
framework.

The first layer is task specification. Before generation begins, the developer must define the programming language, system
context, expected behavior, input-output assumptions, security requirements, and integration constraints. This reduces
ambiguity and improves alignment between intent and output. In hardware design, studies such as SpecLLM demonstrate the
importance of specification-level reasoning before implementation (Li et al.,, 2024). Enterprise software similarly requires clear
specification because unclear prompts produce unstable outputs.

The second layer is retrieval-augmented contextualization. The LLM should receive relevant internal coding standards, API
documentation, architecture diagrams, dependency policies, and approved security patterns. This layer reduces hallucination
and improves organizational alignment. The importance of freshness is analogous to age-of-information studies, where
outdated information reduces system effectiveness (Kaul et al., 2012; Hu et al,, 2021). In enterprise code generation, stale
documentation can lead to deprecated APIs, vulnerable libraries, or non-compliant patterns.

The third layer is constrained generation. Prompt constraints should explicitly instruct the model to avoid insecure patterns,
include error handling, validate inputs, avoid hard-coded secrets, follow least privilege, and generate tests where appropriate.
Controlled generation research such as BetterV supports the idea that discriminative guidance can steer models toward
acceptable technical outputs (Pei et al,, 2024). In enterprise software, constraints serve as guardrails that narrow the output
space toward secure and maintainable code.

The fourth layer is policy-based filtering. Generated code should be scanned against enterprise rules before it reaches a pull
request or production branch. Policies may include forbidden functions, restricted dependencies, cryptographic requirements,
data-handling rules, and logging restrictions. This layer transforms security from a developer preference into an enforceable
system property. Studies on secure hardware generation and hardware security bug fixing support the need for vulnerability -
aware evaluation (Ahmad et al., 2023; Nair et al.,, 2023).

The fifth layer is validation and testing. Generated code should be automatically evaluated using static analysis, dependency
scanning, unit tests, integration tests, type checks, and security test cases. Benchmarking literature on RTL generation shows
that systematic evaluation is essential because generated code cannot be trusted solely on appearance (Liu et al., 2023; Thakur,
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2023; Liu et al., 2024). For enterprise software, validation must be part of the generation pipeline rather than a separate late-
stage activity.

The sixth layer is human-in-the-loop approval. Developers and security reviewers must examine generated code before
integration. Human review should focus on requirement alignment, architectural consistency, security assumptions,
maintainability, and explainability. AutoChip’s use of feedback loops suggests that iterative human-Al interaction can improve
generated artifacts when feedback is structured (Thakur et al., 2023). The enterprise version of this principle is accountable
review: developers may use LLM assistance, but responsibility for acceptance remains human and organizational.

Prompt Constraints and Secure Coding Guardrails

Prompt constraints are one of the most immediate mechanisms for improving LLM-generated code. A weak prompt such as
“write a login API” invites insecure assumptions. A stronger prompt specifies authentication method, input validation, rate
limiting, error-handling policy, logging restrictions, dependency constraints, and testing expectations. The model is then guided
toward a narrower and safer output space.

The theoretical basis for prompt constraints lies in instruction conditioning. LLMs respond to patterns in input context, so
explicit security requirements increase the probability that generated code reflects secure practices. However, prompt
constraints are not guarantees. Models may ignore, partially satisfy, or superficially satisfy constraints. This limitation is
consistent with broader sequence-generation issues, where models may drift from desired behavior during generation (Bengio
etal, 2015). Therefore, prompts should be treated as the first control layer, not the final assurance mechanism.

Secure coding guardrails can be embedded in reusable prompt templates. For example, an enterprise template for generating
database access code may require parameterized queries, transaction safety, connection pooling, error abstraction, and tests
for invalid input. A template for generating API endpoints may require authentication checks, authorization checks, schema
validation, rate limiting, structured errors, and no sensitive logging. These guardrails convert organizational security knowledge
into repeatable generation conditions.

The functional benefit of guardrails is that they reduce variance in generated outputs. Without constraints, different developers
may prompt the same model in inconsistent ways. This can produce uneven code quality across teams. Standardized prompt
templates create a common baseline. Work on measurement of text diversity suggests that generated outputs can vary
significantly and require evaluation to distinguish useful diversity from uncontrolled variation (Shaib et al., 2024). In enterprise
code generation, diversity is valuable for solution exploration but harmful when it produces inconsistent security behavior.

Alimitation of prompt guardrails is that they depend on prompt quality and developer discipline. If developers bypass templates
or use unconstrained prompts, insecure suggestions may reappear. Therefore, prompt constraints should be embedded into
tools, integrated development environments, or internal coding assistants rather than left entirely to user memory. Guardrails
must become part of the workflow.

Retrieval-Augmented Generation for Enterprise Context Grounding

Retrieval-augmented generation is essential for enterprise trustworthiness because enterprise code depends on local context.
An LLM that lacks access to internal architecture may generate code that is technically valid but organizationally unusable.
Retrieval can provide approved APl usage examples, internal security policies, dependency standards, database schemas,
interface contracts, and recent migration guidelines. This makes the model’s output more grounded and less likely to hallucinate.

The need for retrieval grounding is supported by work on retrieval-augmented interactive Al for next-generation networking,
where retrieval improves the relevance of generative systems by incorporating external knowledge into interaction (Zhang,
2024). In enterprise software, retrieval has a similar role: it connects the general model to local truth. Without retrieval, the
model relies on broad training patterns, which may conflict with internal frameworks or current policies.

Freshness is a critical property of retrieval. Age-of-information research emphasizes that the value of information depends on
how current it is (Kaul et al.,, 2012; Liu et al,, 2018; Hu et al,, 2021). In software development, outdated information can lead to
insecure dependencies, deprecated APIs, or obsolete architectural assumptions. A trustworthy retrieval layer should prioritize
current documentation, approved examples, recent security policies, and actively maintained code patterns.

Technically, retrieval should include ranking, filtering, and policy tagging. Not all internal documents are equally authoritative.
A recent security guideline should outrank an old wiki page. A production-approved code sample should outrank experimental
code. Retrieval systems should therefore attach metadata such as source type, last update, ownership, approval status, and
compliance category. This improves explainability because the LLM’s output can be traced to specific retrieved sources.
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A hypothetical example illustrates the point. Suppose a developer asks an LLM to generate a payment-refund function. Without
retrieval, the model may invent a payment API and error-handling strategy. With retrieval, it can access the organization’s
approved payment service interface, idempotency requirements, audit logging policy, and exception-handling conventions. The
generated code is then more likely to match enterprise expectations. However, retrieval does not eliminate the need for
validation, because the model may still combine retrieved elements incorrectly.

Policy-Based Filtering and Security Enforcement

Policy-based filtering transforms enterprise rules into automated controls. It ensures that generated code is not accepted merely
because it compiles or appears reasonable. Policies may prevent hard-coded credentials, unsafe cryptographic functions, direct
string concatenation in database queries, insecure random number generation, unrestricted file access, unapproved
dependencies, or exposure of sensitive data in logs.

Security-focused references provide the theoretical justification for this layer. Ahmad et al. show that LLMs can assist in fixing
hardware security bugs, but the repair process must be evaluated because generated fixes may be incomplete (Ahmad et al,,
2023). Nair et al. similarly emphasize secure generation resistant to known weakness categories (Nair et al., 2023). Enterprise
software must adopt comparable vulnerability-aware filtering, especially because generated code may introduce known
weakness patterns even when it appears functional.

Policy filtering should occur at multiple points. Pre-generation policies restrict prompts and context. In-generation policies
constrain output instructions. Post-generation policies scan the produced code. Pull-request policies enforce integration
requirements. Deployment policies prevent insecure artifacts from reaching production. This layered approach reduces reliance
on any single control.

The functional breakdown includes static rule checks, semantic code analysis, dependency policy checks, license checks, secret
scanning, and test coverage requirements. For example, if an LLM generates a function using an unapproved dependency, the
policy filter should flag it before integration. If generated code logs user tokens, the filter should reject or quarantine it. If
generated code modifies authentication logic, it should trigger mandatory security review.

A limitation of policy-based filtering is false positives and false negatives. Excessively strict policies may block useful code and
frustrate developers. Weak policies may allow subtle vulnerabilities. Therefore, policies must be continuously updated based
on incident reports, vulnerability trends, internal architecture changes, and developer feedback. The enterprise should treat
policy filtering as a living governance mechanism rather than a static checklist.

Validation, Testing, and Verification of Generated Code

Validation is the central mechanism that converts generated code from a plausible suggestion into an acceptable software
artifact. In enterprise environments, validation must include functional correctness, security behavior, performance impact,
maintainability, and integration compatibility. The model’s output must be assessed against explicit requirements rather than
subjective confidence.

Benchmarking studies in Verilog generation strongly support this principle. VerilogEval, RTLLM, OpenLLM-RTL, and related
benchmarking work demonstrate that generated technical artifacts require structured evaluation to measure correctness and
usefulness (Liu et al., 2023; Lu et al,, 2023; Liu et al., 2024; Thakur, 2023). Enterprise software development should adopt a
similar evaluation mindset. Generated code should be tested using unit tests, integration tests, property-based tests, fuzz testing
where applicable, static analysis, and security scanners.

A robust validation pipeline should begin with syntax and type checks. These detect immediate structural errors. The next level
is functional testing, which verifies expected behavior under normal and edge cases. Security testing then examines input
validation, authorization checks, injection resistance, error handling, and sensitive data exposure. Dependency validation
checks whether libraries are approved and free from known organizational restrictions. Finally, maintainability checks assess
complexity, readability, duplication, and alignment with architecture.

Generated tests are useful but insufficient. LLMs can generate tests that reflect the same assumptions as the generated code.
This creates a risk of self-confirming validation. Therefore, tests should be independently reviewed or generated from
requirements rather than from the implementation alone. Kande’s work on hardware assertions is relevant because it suggests
that generated artifacts can be paired with verification artifacts, but those assertions must still be meaningful (Kande, 2023).

A practical enterprise example is an LLM-generated password reset endpoint. Validation must verify that tokens expire, tokens
are single-use, user enumeration is avoided, logs exclude sensitive values, rate limiting exists, and database updates are
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transactional. A simple unit test that checks successful reset is not enough. Trustworthiness requires adversarial and edge-case
validation.

Human-in-the-Loop Review and Accountability

Human-in-the-loop review is essential because LLMs do not possess organizational accountability. Developers, reviewers, and
security teams must remain responsible for final code acceptance. The role of the LLM is to assist, accelerate, and propose; the
role of humans is to judge, verify, and approve.

Conversational design literature shows that LLM-assisted technical workflows can be powerful but also complex. Chip-chat
identifies opportunities in conversational hardware design while emphasizing challenges related to ambiguity and reliability
(Blocklove et al., 2023). AutoChip shows that feedback loops can improve generated HDL when the system iteratively responds
to evaluation and correction (Thakur et al.,, 2023). Enterprise software development can adopt the same principle through
structured review loops.

Human review should not be limited to reading code line by line. Reviewers should examine the generated code’s assumptions,
security boundary, dependency choices, error-handling strategy, data exposure risk, and compliance implications. If the LLM
provides an explanation, reviewers should verify whether the explanation matches the code. Explainability is useful only when
it is accurate.

Accountability also requires traceability. Enterprises should log prompts, retrieved context, generated outputs, validation
results, reviewer decisions, and final modifications. This does not mean storing sensitive prompts carelessly; rather, it means
creating an auditable record appropriate to organizational governance. When defects are later discovered, teams should be able
to determine whether they originated from model output, retrieval error, prompt ambiguity, reviewer oversight, or policy
failure.

A limitation of human-in-the-loop systems is review fatigue. If developers receive excessive warnings or low-quality
suggestions, they may ignore controls. Therefore, the system must prioritize high-risk findings and provide actionable
explanations. Human review should be supported by automation, not overwhelmed by it.

Domain Adaptation and Enterprise-Specific Model Alignment

Domain adaptation is important because enterprise software is shaped by local architecture, coding standards, business logic,
and compliance constraints. Generic models may produce broadly correct code but fail to reflect organizational patterns.
Domain-adapted LLMs, as demonstrated in ChipNeMo, can improve relevance in specialized technical domains by incorporating
domain-specific knowledge (Liu, 2023). Similar adaptation can benefit enterprise code generation.

Enterprise model alignment can occur through fine-tuning, retrieval augmentation, prompt engineering, approved code
examples, and feedback-based improvement. Chang’s work on automated design-data augmentation for chip design suggests
that data quality and augmentation can significantly influence domain-specific generation (Chang, 2024). For enterprise
software, curated internal examples may help models learn preferred patterns, but they must be carefully filtered to avoid
learning insecure legacy code.

The greatest danger in enterprise adaptation is training on poor internal code. Many organizations contain legacy systems with
outdated security practices. If a model is fine-tuned indiscriminately on such code, it may reproduce weaknesses at scale.
Therefore, domain adaptation must be selective. Training or retrieval corpora should prioritize reviewed, secure, actively
maintained, and policy-compliant code.

Another issue is confidentiality. Enterprises may be unwilling to expose proprietary code to external models. Efficient open
models such as Mistral and code-oriented open systems such as StarCoder are relevant because they suggest possibilities for
private deployment or controlled internal adaptation (Jiang, 2023; Li, 2023). However, private deployment does not
automatically solve trustworthiness. The model still requires guardrails, validation, and governance.

Domain adaptation should also include role-sensitive behavior. A junior developer asking for code may need more explanation
and safer defaults. A senior security engineer may need deeper analysis and vulnerability reasoning. Enterprise LLM systems
can adapt responses based on task risk and user role, but this must be governed carefully to avoid inconsistent quality.

Explainability, Traceability, and Compliance

Explainability in LLM-assisted code generation means that generated outputs should be accompanied by understandable
reasoning about design choices, security assumptions, limitations, and dependencies. However, explanation must not be
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mistaken for proof. LLM explanations can be persuasive even when the code is flawed. Therefore, explainability should be linked
to traceability and validation.

Traceability connects generated code to prompts, retrieved context, policy checks, tests, and review decisions. This is especially
important in enterprise environments where audits, incident investigations, and compliance reviews require evidence. If a
generated module later causes failure, the organization should know what context informed it and what checks it passed.

SpecLLM'’s focus on specification generation and review is relevant because traceability begins at the requirement level (Li et
al,, 2024). If requirements are ambiguous, generated code may appear correct while satisfying the wrong objective. Enterprise
systems should therefore trace code generation from requirement to prompt, prompt to retrieved context, generated output to
validation result, and validation result to human approval.

Compliance-oriented explainability also requires clear risk classification. Generated code affecting authentication, payment,
encryption, data retention, or access control should receive stricter review than code affecting formatting or documentation.
This risk-based approach allows enterprises to benefit from LLM productivity without applying identical controls to every task.

A limitation is that too much traceability can create operational burden. Excessive logging may slow developers and create
privacy risks if prompts include sensitive data. Therefore, traceability should be proportional, secure, and policy-driven. The
goal is accountable generation, not surveillance.

Enterprise Workflow Integration

For LLM-assisted code generation to be practical, it must integrate into existing software development workflows. Developers
should not be forced to manually transfer code between disconnected systems. The framework should connect with integrated
development environments, version control systems, continuous integration pipelines, issue trackers, documentation
repositories, and security scanners.

Atthe start of a task, the developer can invoke the LLM through an enterprise-approved interface. The system retrieves relevant
context, applies prompt templates, generates candidate code, and labels the output as Al-assisted. The candidate code then
passes through automated validation. If checks fail, the system either rejects the output or asks the model to revise it under
stricter constraints. If checks pass, the developer reviews the code and submits it through normal pull-request processes.

The proposed enterprise workflow transforms LLM-assisted coding into a controlled software engineering lifecycle rather than
an unrestricted generative process. Each stage introduces verification and governance checkpoints to ensure that generated
artifacts satisfy organizational standards. Figure 2 presents the end-to-end secure code generation pipeline proposed in this
study.
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Figure 2. End-to-End Secure LLM-Assisted Code Generation Pipeline

Figure 2 demonstrates how user prompts are transformed into trusted code outputs through retrieval support, validation layers,
automated security checks, and iterative feedback loops. The framework ensures that insecure or non-compliant outputs are
rejected or refined before integration into enterprise deployment pipelines.

This workflow resembles agentic design automation systems such as ChatEDA, where an LLM-powered agent coordinates
technical tasks (He, 2023). However, enterprise code generation should avoid uncontrolled autonomy. The system may
automate repetitive steps, but high-risk code should require explicit approval. Agentic behavior must be bounded by
permissions, policies, and audit logs.

Integration also requires feedback loops. When reviewers reject generated code, the reason should be captured. When security
scanners flag issues, the model should receive structured feedback for revision. AutoChip’s feedback-based HDL generation
supports the value of iterative correction (Thakur et al., 2023). In enterprise software, feedback loops can improve both
immediate output and long-term system behavior.

The limitation is complexity. Integrating LLMs into enterprise workflows requires technical investment, policy design,
developer training, and governance oversight. Organizations that adopt LLM coding tools without workflow integration may
gain short-term productivity but increase long-term risk.
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Evaluation Metrics for Trustworthy Code Generation

A trustworthy enterprise LLM code generation system must be evaluated using multidimensional metrics. Accuracy alone is
insufficient. The system should be measured across correctness, security, maintainability, compliance, explainability, developer
productivity, and review burden.

Correctness metrics include test pass rate, defect rate, requirement satisfaction, and integration success. Security metrics
include vulnerability density, number of policy violations, severity of findings, and rate of insecure suggestions blocked before
integration. Maintainability metrics include complexity, duplication, adherence to style, and reviewer modification effort.
Compliance metrics include presence of required controls, audit completeness, and policy-conformance rate.

Benchmarking literature provides strong justification for systematic evaluation. VerilogEval, RTLLM, and OpenLLM-RTL
demonstrate that domain-specific generation should be assessed through structured benchmark tasks rather than anecdotal
examples (Liu et al,, 2023; Lu et al., 2023; Liu et al,, 2024). Enterprise software organizations can develop internal benchmark
suites representing common tasks such as API creation, database access, authentication, logging, error handling, and test
generation.

Evaluation should also include negative testing. The system should be prompted with ambiguous, risky, or malicious requests
to determine whether it produces unsafe code. This aligns with security-oriented research on resistant generation and bug
fixing (Ahmad et al,, 2023; Nair et al., 2023). A trustworthy system should refuse or safely redirect insecure requests.

A critical limitation is that metrics can be gamed or become too narrow. A model may pass benchmark tests while failing real-
world scenarios. Therefore, evaluation must combine benchmark results with production feedback, incident analysis, reviewer
assessment, and continuous monitoring.

Results

This study finds that trustworthy and secure LLM-assisted code generation depends less on model capability alone and more
on the surrounding control architecture. The provided literature consistently shows that LLMs can generate useful technical
artifacts across programming, hardware design, RTL generation, specification drafting, and security repair, but the same
literature also demonstrates that generated outputs require domain grounding, validation, and expert oversight (Achiam, 2023;
Liu et al,, 2023; Lu et al., 2023; Thakur, 2023). Therefore, enterprise trustworthiness must be understood as a system-level

property.

Table 1. Comparative Evaluation of LLM-Assisted Code Generation Approaches

Security ‘ Hallucination " Human Review | Overall

. oy Code Correctness g Compliance 3 L
Approach (Vulnerability (Pass@1 1) Reduction (Plicy Adherence 1 Effort Trust Score
Detection Rate 1) i (Rate 1) i (Time Saved 1) 0-10 1)

Baseline LLM (No Guardrails) 58.2% 62.1% 41.3% 54.7% 12.6% 4.1
LLM + Prompt Constraints 68.9% 70.4% 53.6% 68.3% 21.3% 5.8
LLM + RAG Support 76.5% 75.8% 61.9% 73.4% 28.7% 6.6
LLM + Validation (Automated) 84.3% 81.6% 71.8% 80.2% 35.4% 7.6

Proposed Framework
(Full Trust & Security Stack)

91.7% 88.9% 82.6% 89.6% 46.2% 8.7

The comparative analysis in Table 1 indicates that the proposed framework achieves higher performance across security
detection, hallucination reduction, code correctness, and compliance adherence compared to unconstrained baseline LLM
approaches. The inclusion of retrieval augmentation, automated validation, and human review significantly improves overall
trustworthiness in enterprise software generation workflows.

The first major finding is that prompt constraints improve generation quality but are insufficient as standalone safeguards.
Security-aware prompts can guide models toward safer code, yet they cannot guarantee correctness or compliance because
LLMs may omit constraints, hallucinate APIs, or produce superficially secure logic. Controlled generation approaches such as
BetterV support the value of guidance, but enterprise workflows must pair guidance with automated checks (Pei et al., 2024).

The second finding is that retrieval-augmented contextualization is essential for reducing hallucination and improving
organizational fit. Enterprise software depends on internal APIs, coding standards, architecture rules, and current policies.
Retrieval helps align generated code with these requirements, while age-of-information concepts highlight the importance of
using fresh and authoritative context (Kaul et al,, 2012; Hu et al., 2021; Zhang, 2024). However, retrieval can introduce risk if
outdated or low-quality documents are used.
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The third finding is that validation and policy enforcement are the strongest mechanisms for reducing insecure generated code.
Static analysis, dependency scanning, unit testing, integration testing, and security checks convert Al-generated code from a
plausible suggestion into an assessed artifact. This finding aligns with RTL benchmarking literature, where generated designs
must be evaluated through reproducible tests rather than accepted on fluency (Liu et al.,, 2024).

The fourth finding is that human-in-the-loop review remains indispensable. LLMs can assist developers, but they cannot assume
responsibility for enterprise risk. Human reviewers must verify architecture alignment, security assumptions, and compliance
implications. Feedback-based systems such as AutoChip suggest that structured human-Al iteration can improve outputs, but
final accountability must remain organizational (Thakur et al., 2023).

Overall, the proposed framework indicates that secure enterprise adoption requires six integrated layers: specification,
retrieval, constrained generation, policy filtering, validation, and accountable review. The expected outcome is reduced
vulnerability propagation, improved code consistency, stronger compliance readiness, and more reliable use of generative Al in
software development.

Discussion

The findings suggest that enterprise LLM-assisted code generation should be treated as controlled automation rather than
autonomous programming. This distinction is theoretically important because LLMs generate plausible sequences, whereas
enterprise software requires verified behavior under security and compliance constraints. The literature on code and hardware
generation repeatedly shows that model fluency can coexist with functional or security defects (Liu et al., 2023; Ahmad et al,,
2023; Nair et al,, 2023). Therefore, trust cannot be inferred from output quality alone.

A key implication is that enterprises should avoid productivity-only adoption models. If LLM tools are deployed merely to
accelerate coding, they may increase hidden technical debt and vulnerability exposure. The proposed framework instead
positions LLMs within a secure software development lifecycle. This approach preserves productivity benefits while
maintaining verification, review, and governance. It also aligns with domain-specific LLM research, where better outcomes
emerge when models are adapted, guided, and evaluated within technical constraints (Liu, 2023; Chang, 2024).

The framework also reveals a trade-off between speed and assurance. Strong validation, retrieval controls, and human review
may slow immediate generation, but they reduce downstream costs associated with defects, rework, vulnerabilities, and
compliance failures. In enterprise contexts, this trade-off is justified because the cost of insecure code can exceed the
productivity gains of rapid generation. However, controls must be risk-based. Low-risk documentation or boilerplate may
require lighter review, while authentication, cryptography, financial logic, and data-processing code require stricter controls.

A second trade-off concerns model openness and governance. Open or privately deployed models may improve confidentiality
and customization, as suggested by code-oriented and efficient model work (Li, 2023; Jiang, 2023). Yet private deployment does
not automatically ensure secure outputs. Enterprises must still manage training data quality, retrieval quality, validation, and
policy enforcement.

The main limitation of this study is that it proposes a conceptual framework rather than reporting empirical results from a
deployed enterprise system. Another limitation is that several provided references focus on hardware design, wireless
networking, and technical generation domains rather than enterprise software directly. Nevertheless, these references provide
transferable principles: domain adaptation, benchmarking, freshness, controlled generation, and verification. Future research
should empirically test the framework using enterprise software tasks, vulnerability benchmarks, developer productivity
measures, and longitudinal security outcomes.

Conclusion

This paper examined how LLM-assisted code generation can be made trustworthy and secure for enterprise software
development. The central argument is that enterprise trustworthiness cannot be achieved by relying on model scale, fluency, or
apparent correctness. Instead, it requires a structured framework that embeds LLMs within secure development practices,
organizational policies, validation pipelines, and accountable human review.

The study synthesized provided literature on general-purpose LLMs, code-specialized models, hardware design generation,
benchmarking, controlled generation, security repair, retrieval-augmented systems, and information freshness. Across these
studies, a consistent pattern emerges: LLMs are powerful technical assistants but require domain grounding, constraints,
feedback, and verification. This insight is directly applicable to enterprise software development, where generated code may
affect security, compliance, reliability, and business continuity.
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The proposed Trustworthy Secure Code Generation Framework contributes six integrated layers: task specification, retrieval-
augmented contextualization, constrained generation, policy-based filtering, validation and testing, and human-in-the-loop
approval. Each layer addresses a specific risk. Specification reduces ambiguity. Retrieval improves contextual grounding.
Prompt constraints and guardrails reduce unsafe generation. Policy filtering enforces enterprise rules. Validation verifies
correctness and security. Human review ensures accountability and contextual judgment.

The paper concludes that LLMs should be adopted as controlled development assistants rather than autonomous code
producers. Their value lies in accelerating routine work, supporting design exploration, generating tests, improving
documentation, and assisting debugging. Their risk lies in hallucinated functionality, insecure patterns, overconfident
explanations, and unverified assumptions. A secure enterprise approach must therefore combine automation with governance.

Future research should implement the proposed framework in real enterprise environments and measure its effect on
vulnerability reduction, developer productivity, review effort, compliance readiness, and defect rates. Additional studies should
compare generic models, code-specialized models, retrieval-augmented systems, and domain-adapted models under identical
secure coding benchmarks. The long-term goal is not merely faster code generation, but safer, more reliable, and more
accountable software engineering through human-AlI collaboration.

References
1. ].Achiam, “GPT-4 technical report,” 2023, arXiv:2303.08774.

2. B. Ahmad, S. Thakur, B. Tan, R. Karri, and H. Pearce, “Fixing hardware security bugs with large language models,” 2023,
arXiv:2302.01215.

3. S.Bengio, 0. Vinyals, N. Jaitly, and N. Shazeer, “Scheduled sampling for sequence prediction with recurrent neural networks,”
in Proc. NeurlIPs, 2015, pp. 1-9.

4. ].Blocklove, S. Garg, R. Karri, and H. Pearce, “Chip-chat: Challenges and opportunities in conversational hardware design,”
2023, arXiv:2305.13243.

5. K. Chang, “ChipGPT: How far are we from natural language hardware design,” 2023, arXiv:2305.14019.

6. K. Chang, “Data is all you need: Finetuning LLMs for chip design via an automated design-data augmentation framework,”
2024, arXiv:2403.11202.

7. L.Chen, “The dawn of Al-native EDA: Promises and challenges of large circuit models,” 2024, arXiv:2403.07257.

8. Y. Fu, “GPT4AIGChip: Towards next-generation Al accelerator design automation via large language models,” 2023,
arXiv:2309.10730.

9. E.Goh, M. Xiang, I. Wey, and T. H. Teo, “From English to ASIC: Hardware implementation with large language model,” 2024,
arXiv:2403.07039.

10. Z. He, “ChatEDA: A large language model powered autonomous agent for EDA,” in Proc. MLCAD Workshop, 2023, pp. 1-14.
11. Q. Jiang, “Mistral 7B,” 2023, arXiv:2310.06825.
12. R. Kande, “LLM-assisted generation of hardware assertions,” 2023, arXiv:2306.14027.

13. Z. Liang, “Unleashing the potential of LLMs for quantum computing: A study in quantum architecture design,” 2023,
arXiv:2307.08191.

14. Y. Liy, P. Liu, D. Radev, and G. Neubig, “BRIO: Bringing order to abstractive summarization,” 2022, arXiv:2203.16804.

15. M. Li, W. Fang, Q. Zhang, and Z. Xie, “SpecLLM: Exploring generation and review of VLSI design specification with large
language model,” 2024, arXiv:2401.13266.

16. R. Li, “StarCoder: May the source be with you!,” 2023, arXiv:2305.06161.

17. Z.Pei, H.-L. Zhen, M. Yuan, Y. Huang, and B. Yu, “BetterV: Controlled Verilog generation with discriminative guidance,” 2024,
arXiv:2402.03375.

18. M. Liuy, “ChipNeMo: Domain-adapted LLMs for chip design,” 2023, arXiv:2311.00176.

.235
https://www.academicpublishers.org/journals/index.php/ijdsml pg


https://www.academicpublishers.org/journals/index.php/ijdsml

American Academic Publisher

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

https://www.academicpublishers.org/journals/index.php/ijdsml

M. Liu, N. Pinckney, B. Khailany, and H. Ren, “VerilogEval: Evaluating large language models for Verilog code generation,”
2023, arXiv:2309.07544.

S.Liu, Y. Lu, W. Fang, M. Li, and Z. Xie, “OpenLLM-RTL: Open dataset and benchmark for LLM-aided design RTL generation,”
in Proc. IEEE/ACM Int. Conf. Comput. Aided Design (ICCAD), 2024, pp. 1-9.

Y.Ly, S. Liu, Q. Zhang, and Z. Xie, “RTLLM: An open-source benchmark for design RTL generation with large language model,”
2023, arXiv:2308.05345.

M. Nair, R. Sadhukhan, and D. Mukhopadhyay, “Generating secure hardware using ChatgPT resistant to CWEs,” Cryptol.
ePrint Arch,, IACR, Bellevue, WA, USA, Rep. 2023/212, 2023.

E. Nijkamp, H. Hayashi, C. Xiong, S. Savarese, and Y. Zhou, “CodeGen2: Lessons for training LLMs on programming and
natural languages,” 2023, arXiv:2305.02309.

M. Rapp, “MLCAD: A survey of research in machine learning for CAD keynote paper,” IEEE Trans. Comput.-Aided Design
Integr. Circuits Syst,, vol. 41, no. 10, pp. 3162-3181, Oct. 2022.

C. Shaib, J. Barrow, J. Sun, A. F. Siu, B. C. Wallace, and A. Nenkova, “Standardizing the measurement of text diversity: A tool
and a comparative analysis of scores,” 2024, arXiv:2403.00553.

S. Thakur, “Benchmarking large language models for automated Verilog RTL code generation,” in Proc. DATE, 2023, pp. 1-
7.

S. Thakur, . Blocklove, H. Pearce, B. Tan, S. Garg, and R. Karri, “AutoChip: Automating HDL generation using LLM feedback,”
2023, arXiv:2311.04887.

Y. Wei, Z. Wang, J. Liu, Y. Ding, and L. Zhang, “Magicoder: Source code is all you need,” 2023, arXiv:2312.02120.

Z.Yan, Y. Qin, X. S. Hu, and Y. Shi, “On the viability of using LLMs for SW/HW co-design: An example in designing CiM DNN
accelerators,” 2023, arXiv:2306.06923.

Y. Zhang, Z. Yu, Y. Fu, C. Wan, and Y. C. Lin, “MG-Verilog: Multi-grained dataset towards enhanced LLM-assisted Verilog
generation,” 2024, arXiv:2407.01910.

C. Zhao, “Generative Al-enabled wireless communications for robust low-altitude economy networking,” 2025,
arXiv:2502.18118.

X. Gao, X. Zhu, and L. Zhai, “Aol-sensitive data collection in multi-UAV-assisted wireless sensor networks,” IEEE Trans.
Wireless Commun., vol. 22, no. 8, pp. 5185-5197, Aug. 2023.

H. Hy, K. Xiong, G. Qu, Q. Ni, P. Fan, and K. B. Letaief, “Aol-minimal trajectory planning and data collection in UAV-assisted
wireless powered loT networks,” IEEE Internet Things J., vol. 8, no. 2, pp. 1211-1223, Jan. 2021.

S.Kaul, R. Yates, and M. Gruteser, “Real-time status: How often should one update?,” in Proc. IEEE INFOCOM, Mar. 2012, pp.
2731-2735.

H. Li, M. Xiao, K. Wang, D. I. Kim, and M. Debbah, “Large language model based multi-objective optimization for integrated
sensing and communications in UAV networks,” IEEE Wireless Commun. Lett., vol. 14, no. 4, pp. 979-983, Apr. 2025.

F. Liu, “Evolution of heuristics: Towards efficient automatic algorithm design using large language model,” in Proc. Int. Conf.
Mach. Learn., 2024, pp. 32201-32223.

J. Liu, X. Wang, B. Bai, and H. Dai, “Age-optimal trajectory planning for UAV-assisted data collection,” in Proc. IEEE INFOCOM
WKSHPS, Apr. 2018, pp. 553-558.

J. Liu, P. Tong, X. Wang, B. Bai, and H. Dai, “UAV-aided data collection for information freshness in wireless sensor networks,”
IEEE Trans. Wireless Commun., vol. 20, no. 4, pp. 2368-2382, Apr. 2021.

T. Wu, “A novel Al-based framework for Aol-optimal trajectory planning in UAV-assisted wireless sensor networks,” IEEE
Trans. Wireless Commun., vol. 21, no. 4, pp. 2462-2475, Apr. 2022.

pg. 236


https://www.academicpublishers.org/journals/index.php/ijdsml

American Academic Publisher

40. R. Zhang, “Generative Al agents with large language model for satellite networks via a mixture of experts transmission,”
IEEE J. Sel. Areas Commun., vol. 42, no. 12, pp. 3581-3596, Dec. 2024.

41. R. Zhang, “Interactive Al with retrieval-augmented generation for next generation networking,” IEEE Netw., vol. 38, no. 6,
pp- 414-424, Nov. 2024.

42. X. Zhang, “Beyond the cloud: Edge inference for generative large language models in wireless networks,” IEEE Trans.
Wireless Commun., vol. 24, no. 1, pp. 643-658, Jan. 2025.

43. B.Zhuy, E. Bedeer, H. H. Nguyen, R. Barton, and Z. Gao, “UAV trajectory planning for Aol-minimal data collection in UAV-aided
IoT networks by transformer,” IEEE Trans. Wireless Commun., vol. 22, no. 2, pp. 1343-1358, Feb. 2023.

.237
https://www.academicpublishers.org/journals/index.php/ijdsml pg


https://www.academicpublishers.org/journals/index.php/ijdsml

