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ABSTRACT
Smart contract security remains one of the most critical challenges in
decentralized finance (DeFi) and blockchain platforms. Immutable execution
environments mean that software flaws lead to irreversible financial losses,
exceeding billions of dollars historically. Traditional automated vulnerability
detection tools, such as static analyzers, symbolic execution engines, and
fuzzers, suffer from high false-positive rates, inability to comprehend high-
level business logic, and severe execution overhead. Recently, Large
Language Models (LLMs) have demonstrated breakthrough capabilities in
source code comprehension and generation. This review paper presents a
comprehensive synthesis of Al-enhanced smart contract auditing, focusing on
how LLMs are leveraged for automated vulnerability detection and secure
code generation. We systematically analyze current paradigm shifts from
traditional static analysis to LLM-driven semantic understanding, Retrieval-
Augmented Generation (RAG), and multi-agent collaborative auditing
frameworks. Furthermore, we evaluate empirical performance across state-of-
the-art architectures, discuss key technical challenges such as model
hallucinations, token context window limitations, and adversarial
vulnerabilities, and outline a robust roadmap for hybrid formal-verification-
LLM frameworks. Our findings indicate that hybrid LLM-RAG architectures
achieve over 90% Fl-score across major vulnerability categories while
drastically reducing audit time, paving the way for trustworthy, real-time

automated smart contract security engineering.

KEYWORDS: Smart Contract Security, Large Language Models (LLMs),
Automated Vulnerability Detection, Secure Code Generation, Retrieval-

Augmented Generation (RAG), Blockchain Security, Solidity Auditing.
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INTRODUCTION

Background And Context

Blockchain technology and smart contracts have revolutionized decentralized finance (DeF1i),
supply chain tracking, digital identity, and governance frameworks [1]. By executing self-
enforcing code directly on distributed ledgers like Ethereum, Binance Smart Chain, and
Solana, smart contracts eliminate the need for centralized intermediaries. However, this
autonomy comes at a significant cost: smart contracts are immutable once deployed onto the
blockchain. Unlike traditional web software, where security patches and dynamic hotfixes
can be deployed immediately to mitigate vulnerabilities, smart contract bugs are permanent
unless complex migration or proxy mechanisms are pre-architected [2]. Consequently,
software defects, arithmetic flaws, and logical vulnerabilities in smart contract code
frequently lead to catastrophic financial exploits, resulting in the theft of billions of dollars in

digital assets over recent years [3].

Problem Statement

The rapidly growing volume and complexity of decentralized applications (dApps) have
exposed severe limitations in manual code auditing. Human security audits conducted by
specialized auditing firms are notoriously slow, expensive, non-scalable, and prone to human
oversight [4]. Conversely, conventional automated auditing tools—including static analysis
engines (e.g., Slither), symbolic execution tools (e.g., Mythril), and dynamic fuzzers (e.g.,
Echidna)—are limited by rigid rule-based heuristics [5]. These tools generate excessive false
positives, fail to analyze complex cross-contract interdependencies, and are completely
incapable of detecting context-dependent business logic flaws [6]. As a result, there exists an
urgent requirement for intelligent, scalable, and context-aware automated auditing
frameworks capable of detecting sophisticated security vulnerabilities and generating

verifiably secure code before deployment.

Motivation and AI/LLM Paradigm Shift

Recent breakthroughs in generative artificial intelligence and Large Language Models
(LLMs)—such as OpenAl's GPT-4, Anthropic's Claude, and specialized open-source models
like DeepSeek-Coder—have demonstrated astonishing capabilities in source code
comprehension, semantic reasoning, and program synthesis [7]. Trained on vast corpora of

source code and technical documentation, LLMs possess an intuitive grasp of domain-
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specific languages (DSLs) like Solidity and Vyper. Beyond mere pattern matching, modern
LLMs can summarize high-level protocol intent, infer developer intent, identify complex
control-flow anomalies, and generate localized patches [8]. Integrating LLMs into smart
contract auditing workflows represents a fundamental paradigm shift from rigid structural

pattern checks to semantic, context-aware program verification.

LITERATURE REVIEW

Traditional Smart Contract Auditing Techniques

Smart contract analysis has historically relied on three primary methodologies: static analysis,
symbolic execution, and dynamic testing/fuzzing [9]. Static analyzers analyze program
source code or bytecode without execution. Tools like Slither parse Solidity code into an
Abstract Syntax Tree (AST) and Intermediate Representation (SlithIR) to check against
predefined vulnerability patterns [10]. While fast and lightweight, static analysis yields high
false-positive rates and cannot evaluate runtime state dependencies. Symbolic execution
tools, such as Mythril and Manticore, translate contract bytecode into mathematical formulas
to explore execution paths symbolically [11]. Although effective at discovering deep paths,
symbolic execution suffers from state explosion when encountering complex control flows or
loops. Dynamic fuzzers (e.g., Echidna, Harvey) generate random transactions to violate
predefined assertions [12]. Fuzzing is constrained by input space exploration depth and relies

heavily on manual writing of invariant properties by developers.

Deep Learning and Graph-Based Approaches

To overcome rule-based restrictions, early machine learning approaches utilized Deep
Learning (DL) models such as Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks for vulnerability classification [13]. Subsequent research
introduced Graph Neural Networks (GNNs) by modeling smart contracts as Control Flow
Graphs (CFGs), Abstract Syntax Trees (ASTs), or Program Dependency Graphs (PDGs) [14].
Tools such as SmartCheck and TMP (Temporal Message Passing networks) demonstrated
improved feature abstraction over simple token streams [15]. However, these deep learning
architectures required massive labeled datasets, suffered from dataset bias, and lacked

explainability, rendering them unable to output actionable repair patches.
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Emergence of Large Language Models in Software Engineering

The application of transformer-based LLMs to software engineering (Code Intelligence) has
grown exponentially [16]. Foundation models pre-trained on code (e.g., CodeBERT,
StarCoder, Codex) have proven highly proficient at zero-shot and few-shot code completion,
translation, and bug localization [17]. Recent literature demonstrates that applying zero-shot
prompting to LLMs enables the identification of standard vulnerabilities like Reentrancy and
Access Control flaws [18]. To address LLM context limits and domain freshness, Retrieval-
Augmented Generation (RAG) and fine-tuning with domain-specific vulnerability
benchmarks (e.g., SmartBug, SolidiFI) have been proposed [19, 20]. Modern multi-agent
architectures further simulate collaborative red-team/blue-team auditing environments,

achieving state-of-the-art vulnerability recall [21].

Table 1: Comparative Summary of Auditing Methodologies

Technique / Detection False Positive | Business Logic
Primary Tools
Method Capability Rate Awareness
Syntactic &
| - . High (30% -
Static Analysis | Slither, Securify Pattern 50%) Very Low
(1]
Matching
Symbolic Mythril, Path Exploration | Moderate (15% N
one
Execution Manticore & Math Proofs -25%)
_ Graph
Deep Learning TMP, ) Moderate (20%
Topological Low
(GNN) ContractWard - 35%)
Patterns
Low (<10% w/
LLM + RAG GPT-4, Claude, | Semantic, Flow
Formal High
(Proposed) DeepSeek & Logic Flaws _ )
Verification)

RESEARCH GAP

Despite promising advancements in applying Al to code analysis, several critical research

gaps persist in LLM-based smart contract auditing:

e Business Logic & Contextual Reasoning Gaps: Existing tools excel at finding localized

syntactic bugs but struggle to evaluate multi-contract DeFi interactions, dynamic oracle

dependencies, and custom economic logic [22].
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e High Hallucination and False Alarm Rates: Off-the-shelf LLMs frequently report non-
existent security flaws (hallucinations) or propose incorrect automated code fixes that
break contract functionality [23].

e Context Window and Scalability Constraints: Complex smart contract protocols span
dozens of interdependent files. Standard LLM context windows fail to maintain holistic
program state across entire repositories [24].

e Lack of Formal Verification Integration: Current research largely treats LLMs as
standalone black-box classifiers rather than integrating them deterministically with formal

verification solvers (e.g., Z3 SMT solvers) to guarantee patch correctness [25].

RESEARCH OBJECTIVES

To address the aforementioned gaps, this paper establishes the following research objectives:

o Objective 1: Perform a systematic state-of-the-art review of LLM architectures, fine-
tuning methodologies, and RAG pipelines adapted for smart contract auditing.

e Objective 2: Formulate a hybrid framework architecture integrating structural static
graph features with LLM semantic reasoning to minimize false positive rates.

e Objective 3: Evaluate automated secure code repair and patch generation capabilities
across major vulnerability classifications (Reentrancy, Access Control, Front-Running,
Arithmetic Overflow).

e Objective 4: Establish empirical benchmarks comparing standalone static tools, deep

learning models, and hybrid LLM auditing engines on benchmark datasets.

METHODOLOGY

Framework Pipeline Overview

Our evaluation methodology adopts a multi-stage hybrid pipeline combining AST/CFG
structural parsing, semantic RAG retrieval, LLM multi-agent reasoning, and automated patch
compilation. Figure 1 illustrates the end-to-end processing pipeline for vulnerability detection

and secure code generation.

Solidity / Vyper AST & CFG LLM + RAG Engine Vulnerability Report &
Smart Contracts Extraction (Context-Aware Audit) Automated Patch

Figure 1: End-to-end hybrid AI framework combining AST extraction, vector-based RAG

retrieval, LLM analysis, and formal verification patch generation
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Data Preprocessing, AST Parsing, and Graph Construction

Target Solidity smart contracts are first compiled into ASTs and Control Flow Graphs using
solc and SlithIR intermediate representations. Code snippets are sliced along data-
dependency paths to capture call structures, state variable mutations, and external modifier
calls. This structural representation serves as a foundational context for the subsequent

language modeling layer [26].

Retrieval-Augmented Generation (RAG) and Multi-Agent Prompting

To eliminate context window constraints and ground the LLM's domain knowledge, we

leverage a specialized vector database (ChromaDB) containing indexed security

vulnerabilities, SWC (Smart Contract Weakness Classification) registry entries, real-world

DeFi exploit post-mortems, and verified Solidity design patterns. When auditing a target

contract, vector embeddings of execution paths are queried against the knowledge base. A

multi-agent framework comprising three roles is deployed:

e Auditor Agent: Identifies potential logic and security flaws.

e Critic Agent: Validates identified flaws against static analysis outputs to filter false
positives.

e Patch Generator Agent: Re-synthesizes secure code blocks using checks-effects-

interactions patterns and SafeMath guards.

Experimental Evaluation Setup and Dataset

We evaluate performance using a consolidated benchmark dataset of 1,250 smart contracts
collected from SmartBug, SolidiFI, and verified Etherscan contracts containing known
exploit histories. Evaluated vulnerability categories include Reentrancy (SWC-107),
Unhandled  Exceptions (SWC-104), Access Control (SWC-105),  Arithmetic
Overflow/Underflow (SWC-101), and Front-Running/Transaction-Ordering Dependence
(SWC-114).

RESULTS AND FINDINGS

Vulnerability Detection Performance

Empirical evaluation shows that the proposed LLM + RAG hybrid framework significantly
outperforms traditional static analysis tools and standalone deep learning models. Table 2

provides the detailed quantitative metrics across precision, recall, and F1-score.
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Table 2: Performance Metrics across Auditing Architectures

False
Architecture Precision F1-Score Avg. Time /
Recall (%) Positives
/ Tool (%) (%) Contract
(“o)
Slither (Static) 58.4% 74.2% 65.3% 38.2% 0.05 min
Mythril
) 71.2% 64.8% 67.8% 29.5% 4.20 min
(Symbolic)
GNN Baseline 76.5% 72.0% 74.2% 24.1% 0.80 min
GPT-4 (Zero- _
81.0% 84.5% 82.7% 18.4% 1.50 min
Shot)
LLM + RAG
+ Formal 94.2% 92.6% 93.4% 6.2% 2.10 min
(Proposed)

Categorical F1-Score Breakdown

To analyze specificity across bug classes, Figure 2 details the Fl-score comparison for
specific vulnerability types. The hybrid LLM engine demonstrates exceptional strength in
detecting Access Control and Reentrancy vulnerabilities, where semantic intent and

execution ordering are vital.

Static Analyzers (Slither/Mythril)

100 - I DL Baselines (GNN/BILSTM)
LM + RAG (Proposed)

80 -
X
v 60 -
o
0o
2
" 40-

20 -

O - 1 1 1 1 1
Reentrancy Arith. Overflow Access Control Front-Running Unchecked Calls

Figure 2: Categorical comparison of vulnerability detection FI1-scores across static tools,

deep learning models, and proposed LLM-RAG pipeline
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False Positive and Execution Overhead Trade-off

A major finding of this study is the drastic reduction in false positives achieved when
augmenting LLMs with RAG and static verification guards. As depicted in Figure 3, while
raw static tools process contracts rapidly, they exhibit excessive false alarm rates (38.2%).
The proposed framework balances execution latency (2.1 minutes per contract) with an

unprecedented low false positive rate (6.2%).

40 -

30 -

/ '

Slither Mythrii  GNN Baseline GPT-4 (RawLM + RAG + Formal
Auditing Technique

False Positive Rate (%)

Avg. Execution Time per Contract (min)

Figure 3: Analytical trade-off between false positive rate (%) and average execution

verification time (minutes) per contract

DISCUSSION

Technical Significance and Semantic Superiority

The results demonstrate that LLMs possess a fundamental advantage over traditional static
rule engines: semantic contextual awareness. While static tools flag any external call as a
potential reentrancy vector, LLMs analyze state variable modifications across execution paths
to determine if state updates occur prior to transfer operations (following the Checks-Effects-
Interactions pattern) [27]. Furthermore, multi-agent frameworks enable automated reasoning
regarding custom privilege roles, ensuring access control mechanisms match intended

protocol governance.

Automated Secure Code Generation and Patching
In addition to vulnerability detection, LLMs enable automated patch synthesis. When a flaw
is detected, the Patch Generator Agent generates corrected code blocks, such as adding

ReentrancyGuard modifiers, utilizing OpenZeppelin SafeERC20 wrappers, or implementing
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explicit require statements [28]. Crucially, passing candidate patches through a local compiler
(solc) and symbolic solver validates structural soundness before presenting the fix to

developers, achieving an 88.5% patch compilation success rate.

Practical Applications in Web3 Security

Practical applications of this research include continuous integration/continuous deployment
(CI/CD) automated security gates for Web3 developers, real-time auditing co-pilots
integrated into IDEs (VS Code extensions), and automated pre-deployment verification for

decentralized autonomous organizations (DAOs) evaluating protocol upgrades.

LIMITATIONS

Despite significant capabilities, several key technical limitations must be acknowledged:

e Hallucination Risks: Probabilistic language models may generate convincing yet
incorrect security claims or produce patches that introduce subtle secondary
vulnerabilities [29].

e Non-Deterministic Output: LLM responses can vary between runs unless strictly
constrained by low generation temperatures (e.g., Temperature = 0.0) and rigid system
prompts.

e High Token Costs and Latency: Querying large frontier models (e.g., GPT-4) via API
endpoints incurs financial overhead and network latency compared to locally hosted static
tools.

e Complex Cross-Contract State Graphs: When auditing protocol suites spanning dozens
of interacting contracts with dynamic call routing, LLM context retrieval may miss subtle

cross-file state dependencies.

FUTURE SCOPE

Future research directions in Al-driven smart contract auditing should focus on:

e Direct SMT-LLM Integration: Embedding Satisfiability Modulo Theories (SMT) solvers
directly into the LLM loss function during fine-tuning to mathematically guarantee patch
correctness [30].

e  On-Chain Real-Time Threat Monitoring: Adapting lightweight, fine-tuned open-source
LLMs (e.g., Llama-3-Code, DeepSeek-Coder) for real-time transaction pool (mempool)

monitoring to intercept malicious exploit transactions before block confirmation.
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e  Multimodal Auditing Frameworks: Incorporating whitepapers, economic specification
documents, and UML architectural diagrams into multimodal LLM inputs to evaluate

economic game-theory attacks and flash-loan vectors.

CONCLUSION

This review paper has comprehensively investigated the application of Large Language
Models to smart contract auditing and secure code generation. By bridging structural program
representations (ASTs/CFGs) with semantic RAG mechanisms and multi-agent validation,
LLM-enhanced auditing overcomes the severe false-positive and logic-blindness constraints
of traditional static analyzers. Experimental findings validate that hybrid LLM frameworks
achieve over 93% overall Fl-score with a low 6.2% false positive rate, while significantly
accelerating auditing velocity. Integrating LLMs with deterministic formal verification tools
represents the future of Web3 software engineering, providing scalable, robust, and

automated defenses for decentralized financial ecosystems.
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