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With the increasing complexity and scale of integrated circuit (IC) designs, automated circuit design methods

are essential for Verilog implementation. Although Large Language Models (LLMs) perform well in general-

purpose coding such as C++ and Python, their performance in Verilog is constrained by domain-specific

semantic and structural rules as well as the scarcity of high-quality training datasets. To address these

issues, this work proposes a semantically enhanced Verilog code parsing and automatic repair framework

based on Abstract Syntax Tree (AST). First, an advanced register-transfer level (RTL) analysis framework

was developed to achieve semantic enhancement through static analysis–driven functional role inference

and attribute annotation. Second, enhanced AST information is used to construct structured prompts and

generate semantically rich module descriptions via an Application Programming Interface (API) for dataset

construction. Finally, an AST-guided automatic Verilog repair framework was designed, which leverages

enhanced AST analysis for precise defect localization and intelligent repair through compiler feedback loops.

Experimental results indicate that the proposed method successfully repaired 15.24% of defective Verilog

code, resulting in a high-quality RTL benchmark dataset containing 318,021 samples. Models fine-tuned on

this dataset demonstrate significant performance improvements across three benchmarks, achieving average

improvements of 13.76% and 16.95% on Eval-Machine pass@1 and pass@5, 8.97% and 14.56% on Eval-Human

pass@1 and pass@5, and 15.70% and 12.20% on RTLLM V1.1 Syntax-VCS and Func.

CCS Concepts: • Hardware→ Hardware description languages and compilation; • Software and its
engineering→ Software testing and debugging; • Computing methodologies→ Language resources;
Natural language processing.
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1 Introduction
In modern information technology, integrated circuits (ICs) constitute the fundamental infras-

tructure, with their design quality directly determining industrial development and technological

progress. With the rapid increase in the complexity and scale of IC designs [16], traditional manual

Verilog design methods face significant limitations, driving urgent demand for automated hardware

design methodologies. As the mainstream hardware description language, Verilog code serves

as the critical bridge between design specifications and hardware implementation [11], playing

a core role in the Electronic Design Automation (EDA) [20] toolchain and directly affecting the

efficiency of synthesis, simulation, and verification processes [9]. In recent years, Large Language

Models (LLMs) have been widely applied to code generation tasks for general-purpose program-

ming languages such as C++ [39], Python [6], and Java [57], achieving substantial progress and

contributing to the advancement of software development automation [59]. These developments

have led researchers to investigate their application to Verilog code generation for hardware design

automation. In contrast to software programs, Verilog is a register-transfer level (RTL) hardware

description language (HDL) that describes concurrent hardware behavior with explicit clock-driven

state updates and cycle-accurate timing semantics. However, existing LLMs still suffer from low

syntax and functionality correctness in Verilog code generation. These challenges primarily stem

from the lack of large-scale, high-quality Verilog training data [4], which prevents models from

capturing the domain-specific patterns and structural relationships. Consequently, Verilog code

generation is highly susceptible to hallucinations, including symbol misinterpretation, knowledge

deficiencies, and logical reasoning errors [47].

To address these challenges, researchers have explored large-scale data construction and post-

training strategies. For data construction, VeriGen [44] integrates approximately 51,826 pairs of

high-quality Verilog modules collected from GitHub with grammar rules and code examples ex-

tracted from 70 textbooks, which improves model understanding of Verilog semantics. GEMMV [56]

integrates GPT-4 with prompt engineering to automatically construct a high-quality dataset cover-

ing 24 types of GEMM hardware designs and multiple hardware optimization techniques. Further-

more, the AutoVCoder framework [12] adopts a two-stage fine-tuning approach, combining 210,000

pairs of filtered Verilog modules with synthetic question-answer pairs generated by ChatGPT-3.5

to enhance model performance on Verilog-related benchmarks. On the post-training side, other

studies enhance model performance by introducing stronger supervision and reasoning signals. For

example, symbolic interpretation-driven Chain-of-Thought reasoning has been applied to better

align model outputs with Verilog design specifications [53]. Similarly, multi-granularity dataset

construction combined with a balanced fine-tuning strategy has been shown to enhance model

generalization [58]. The integration of Chain-of-Thought annotations with expert-curated labels

and curriculum learning further improves the semantic understanding and code generation quality

of LLMs [26].

However, the existing benchmarks still exhibit several issues. Their training data is primarily com-

posed of static examples, which limits the ability to model module hierarchies and interconnections.

Many approaches also rely on closed-source models, leading to high construction costs and limited

reproducibility. Heavy dependence on synthetic data can also result in insufficient domain-specific

semantic richness. Moreover, existing methods primarily focus on shallow semantic analysis and
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code pattern learning while overlooking the inherent structural hierarchy and functional semantics

of Verilog designs [50]. Verilog code is inherently highly structured and functionally semantic [13].

Its design follows a modular hierarchical organization, consisting of modules, interfaces, and signal

dependencies. In particular, Verilog functional behaviors often depend on complex contextual

information, including cross-module interactions, data-flow dependencies, and state transitions.

These structural hierarchies and functional semantics make it challenging for purely text-based

processing methods to fully capture the design-level relationships embodied in Verilog code [60].

To address these issues, this paper adopts an Abstract Syntax Tree (AST) based analysis method

to better represent the structural and semantic characteristics of Verilog designs. The AST [10]

effectively preserves the structural integrity of Verilog code while clearly representing module

organization and hierarchical relationships. Nevertheless, existing open-source Verilog parsing

tools lack sufficient capabilities for deep structural analysis and fail to extract fine-grained semantic

relationships and design patterns. Pyverilog [42], implemented in Python, supports AST construc-

tion and data-flow analysis for Verilog HDL, while Surelog [7] targets SystemVerilog and parses

the code into the Universal Hardware Data Model (UHDM) for EDA tools. Although these tools

are powerful in structural modeling, their outputs are primarily grammar-driven representations

(e.g., AST or UHDM) and lack high-level semantic annotations such as port functional roles, signal

timing attributes, and cross-module dependencies. This constraint severely restricts their ability to

abstract design-level semantics, including hierarchical module instantiation and reset logic patterns,

thereby hindering the construction of semantically rich datasets required for effective LLM-based

HDL code generation.

Therefore, this work develops a semantically enhanced static analysis benchmark dataset based

on AST, which integrates structural parsing and high-level semantic annotation to construct

high-quality RTL benchmark datasets, thereby enabling a more comprehensive evaluation and

optimization of LLMs for hardware design automation. This work collected 1,035,777 Verilog

samples from open-source repositories. After functional verification, 266,585 high-quality samples

were retained.

However, this process discarded many samples with recoverable defects. First, open-source

Verilog repositories contain numerous syntax errors and incomplete files, leading to substantial

sample discard during data cleaning. Second, the lack of efficient code quality assessment and

automatic repair mechanisms prevents effective utilization of these defective samples from authentic

designs, reducing model learning efficiency and limiting coverage of real-world RTL designs. While

code translation techniques [18] can expand the available training corpus, recovering and leveraging

authentic open-source designs remains essential for constructing high-reliability benchmarks.

Therefore, we propose an agent-driven repair mechanism based on AST analysis to further enhance

dataset quality and reliability [49]. By representing code as abstract syntax trees, our approach

analyzes code hierarchy and dependencies. Specifically, this method represent error code samples

as AST structures, analyze the type and location of each error based on the structured information,

and then repair the error code through interactions with EDA tools. The repaired samples are

subsequently incorporated into the dataset as supplementary data, thereby enhancing dataset

integrity and expanding the coverage of design patterns.

A total of 337,590 error codes were collected after removing duplicates, of which 51,436 were

successfully repaired, yielding a repair rate of 15.24%. The repaired codes were eventually merged

with the validation data. As a result, a high-quality RTL benchmark dataset containing 318,021

samples was constructed. This dataset provides a solid data foundation for research on LLM-based

hardware design automation. The primary contributions of this work encompass:
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• Constructing a large-scale, semantically enhanced Verilog benchmark with 318,021 validated

RTL samples, offering broader coverage, richer structural annotations, and higher reliability than

existing datasets, and establishing a solid foundation for LLM-based hardware design automation.

• Enhancing Verilog code semantics through a dual-stage AST framework that infers functional

roles, captures timing attributes, andmodels cross-module dependencies, while repairing defective

samples with a compiler-feedback pipeline that restores 15.24% of errors and improves dataset

completeness without sacrificing real-world diversity.

• Fine-tuning small-scale open-source LLMs on the enriched dataset and benchmarking them

against state-of-the-art baselines, achieving performance that approaches, and in some cases

surpasses, closed-source counterparts, with 9–17% absolute gains on VerilogEval/RTLLM and

over 10% improvement on specification-to-RTL conversion tasks.

2 Background
With the rapid increase in design complexity and the continuous advancement of Moore’s Law,

traditional HDL design processes that rely on manual coding are increasingly unable to meet

modern IC design requirements for efficiency, quality, and scalability. RTL represents a fundamental

abstraction in digital circuit design [32] that describes hardware behavior through data flow between

registers and combinational logic. Verilog is a primary language for RTL modeling and describes

concurrent hardware structures rather than sequential software execution. The increasing design

complexity and Verilog’s inherent characteristics (concurrent execution, timing constraints, and

hierarchical organization) present fundamental challenges for automated code generation. Recent

advances in LLM, including GPT [34], CodeGen [33] and CodeLlama [37], have improved the

accuracy and efficiency of automated hardware design. These models enable mapping natural-

language specifications to Verilog implementations.

To systematically evaluate the capabilities of these models, VerilogEval [23] constructed an

evaluation dataset based on HDLBits, comprising 156 Verilog programming problems. VerilogEval

v2 [35] further expands the dataset by introducing RTL code completion and specification-to-RTL

generation tasks, providing more comprehensive evaluation dimensions. RTLLM [27] proposes a

benchmark dataset covering 30 diverse digital circuit designs, categorized into two major types:

arithmetic and logic. These benchmarks establish evaluation standards while exposing persistent

limitations in LLM-based Verilog code generation.

Verilog code generation using LLMs still encounters several critical challenges. Current models

typically treat HDL code as plain text sequences, lacking explicit modeling of its inherent hierar-

chical structure and semantic dependencies. This often results in structural inconsistencies, such

as mismatches between module declarations and instantiations, inconsistent signal bit widths,

incorrect port connections, and improper multi-clock-domain partitioning. Even code that passes

syntax checks can still suffer from logical errors, such as confusion between combinational and

sequential logic or inaccurate state-machine transitions. These issues are exacerbated in complex,

multi-level modular designs, where inter-module dependencies, hierarchical signal transmissions,

and strict interface specifications must be preserved to ensure functional correctness. Existing

LLMs struggle to capture these relationships effectively, frequently leading to interface mismatches,

signal transmission errors, and module instantiation failures. The fundamental cause of these

problems lies in the lack of explicit structural modeling of Verilog code’s inherent characteristics, as

traditional text-based processing methods cannot effectively capture its hierarchical organization

and complex semantic dependencies.

Meanwhile, although some HDL code-repair methods incorporate compiler feedback, they pri-

marily rely on shallow error information and therefore struggle to address deeper structural issues.

For high-complexity designs involving state machines, pipeline architectures, or bus protocols, the
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functional accuracy of generated code often decreases noticeably. Furthermore, redundant logic,

inconsistent naming conventions, and irregular code structures still exist, which can reduce code

maintainability and increase verification costs.

In addition, existing works on Verilog dataset construction have alleviated data scarcity. Nonethe-

less, significant challenges remain in achieving fine-grained semantic enhancement, broader cover-

age of complex RTL designs, and developing comprehensive, industrial-scale benchmarks. Notably,

existing dataset construction approaches lack structured semantic representation, making it difficult

to provide models with adequate structural priors and hierarchical understanding necessary for

high-quality HDL code generation. These limitations motivate the need for constructing a high-

quality, semantically enriched, and structurally comprehensive dataset to better support LLM-based

hardware design automation.

To address these challenges, this paper proposes a semantic-driven, AST-enhanced dataset

construction framework. By integrating structural extraction, semantic constraints, and agent-

assisted repair, this approach constructs a high-quality dataset with guaranteed structural integrity

and functional correctness.

3 Study Design
This section outlines the research questions, algorithm benchmark, and implementation methods.

These elements are employed to investigate the effectiveness of the Verilog parsing method based

on a semantically enhanced AST in constructing the benchmark dataset.

3.1 ResearchQuestions
This paper investigation addresses the following research questions (RQs):

• RQ-1. How can the structural and semantic properties of Verilog code be systematically
characterized and modeled to enable high-quality learning for large language models?
This problem investigates the intrinsic characteristics of the dataset derived frommulti-dimensional

analysis, focusing on scale distribution, complexity stratification, and error pattern analysis.

The structural distribution of samples across different complexity tiers was comprehensively

evaluated and rigorously examined.

• RQ-2. How does the incorporation of multi-level semantic constraints—such as Natural
language description, AST structures and role annotations—affect large language models’
ability to generate functionally correct and synthesizable Verilog code?
This study comprehensively investigates the effect of prompt structural complexity and semantic

richness on the reliability of Verilog code generation using large language models. The evaluation

framework rigorously examines multiple dimensions, including code executability, functional

correctness, and structural alignment.

• RQ-3. To what extent does a high-quality, semantically enhanced Verilog dataset improve
model accuracy and cross-model and cross-task generalization in hardware design au-
tomation?
To address this problem, a dataset-driven fine-tuning experiment was performed. The effec-

tiveness of the proposed dataset in improving model accuracy and enhancing cross-model and

cross-task generalization was systematically evaluated through comparisons between the fine-

tuned model and the baseline model.
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Fig. 1. Enhanced AST-based Large-scale Verilog Dataset Construction Method

3.2 Algorithm Description
To construct a high-quality RTL benchmark dataset, this paper proposes a comprehensive framework

consisting of two core components: dataset construction and defect repair. The overall algorithmic

framework is illustrated in Figure 1.

3.2.1 Dataset Construction. To build a high-quality Verilog benchmark dataset, this paper collects

original design files frommultiple open-source code repositories and systematically acquires Verilog

projects on January 1st of each year from 2010 to 2025 from GitHub.

To eliminate data redundancy, this work collected 1,035,777 Verilog source files and removed

duplicates using a content-hash-based deduplication method, resulting in 604,175 valid samples.

Subsequently, Icarus Verilog [48] was employed for compilation and simulation testing. After

dual verification of syntax and semantics, 266,585 high-quality samples were retained, while the

remaining 337,590 samples failed verification andwere regarded as defective candidates. These failed

samples were further processed by the proposed AST-guided repair framework, which successfully

repaired 51,436 samples, yielding a sample-level repair rate of 15.24%. The repaired samples were

then merged with the verified samples, resulting in a final benchmark dataset containing 318,021

validated RTL samples. Figure 2 compares representative samples from our dataset with those from

existing benchmarks. The results demonstrate that this dataset significantly surpasses existing

works in task coverage, richness of semantic annotations (e.g., AST hierarchies, role labels, and

timing constraints), and overall data quality.

This work employs a content-hash-based deduplication approach to remove duplicate files across

directories and data sources, thereby guaranteeing dataset uniqueness. Figure 2 contrasts represen-

tative samples from existing Verilog benchmarks with our dataset, which provides substantially

broader task coverage and temporal span, more comprehensive semantic annotations (including

AST hierarchies, role labels, and timing constraints), and superior data quality ensured through

rigorous deduplication and functional validation.
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(a) AutoVCoder (b) VeriGen

(c) Chipgptseries (d) Our Method

Fig. 2. Diverse Verilog Benchmark Dataset Examples

3.2.2 AST Construction. To construct a high-quality AST-based dataset for Verilog, this section pro-

poses a unified semantic-enhanced parsing pipeline that combines robust preprocessing, dual-stage

AST construction, and structured representation generation. This pipeline enables comprehensive

semantic modeling while ensuring structural integrity.

Before constructing the AST, the Verilog source files undergo uniform preprocessing, including

encoding detection, format normalization, BOM removal, and the unification of line break formats

across multiple platforms, to ensure parsing stability and improve the accuracy of semantic anal-

ysis. Subsequently, core structural elements such as modules, ports, signals, and parameters are

rapidly extracted using regular expressions to efficiently locate key structural elements and provide

contextual support for subsequent semantic enhancement.

After preprocessing the Verilog source code, this work adopts a two-stage AST strategy to

convert RTL descriptions into structured representations that are suitable for large-model training.

In the first stage, Pyverilog is used to generate the baseline AST (A𝑝 ). Essential structural elements

such as modules, ports, and process blocks are parsed to ensure structural validity and source code

traceability, which provides a reliable structural foundation for subsequent semantic enhancement.

In the second stage, this work performs static-analysis–driven semantic enhancement (Φ : A𝑝 →
A𝑐 ) explicitly for functional role inference and semantic injection. A set of predefined roles is

defined, covering clock, reset (synchronous/asynchronous), enable, control/data signals, FSM states,

counters, indices, shift registers, timing categories (Combinational/Sequential Logic) and so on.

During depth-first traversal, this section assigns functional roles to AST nodes based on heuristic

cues from static analysis, including naming rules, driver-load relationships, sensitivity lists, and
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clock-edge information. The enriched nodes are further annotated with supplementary semantic

attributes, such as port functionality, signal bit-widths, and timing characteristics. Child nodes are

recursively processed to achieve the synchronous integration of semantic information. For each

node, a structural summary is computed based on its type, attribute sequence, and child-node hash.

This structural summary is used to enable fast equivalence detection and similarity retrieval, which

improves semantic expressiveness while maintaining structural integrity.

Based on the semantically enhanced AST (A𝑐 ), this section constructs a multi-relational hetero-

geneous directed graph, as shown in Equation (1). This graph unifies structural hierarchy, semantic

roles, and dependency relations into a single representation, enabling fine-grained signal-level

dependency reasoning and fast module-level similarity analysis.

𝐺 = (𝑉 , 𝐸struct ∪ 𝐸data ∪ 𝐸control) (1)

𝐸struct: Structural hierarchies among AST nodes, 𝐸data: Signal-level data dependencies, 𝐸control:

Control-flow relationships between conditions and procedural blocks. This graph serves as an

intermediate semantic representation that unifies structural hierarchy, signal dependencies, and

functional roles within a single framework. By leveraging an optimized depth-first traversal with

semantic caching, the graph efficiently captures signal-level data flows, clock/reset domains, and

control constraints, while propagating role annotations and timing attributes along edges. These

semantic attributes are integrated into the semantically enhanced RTL benchmark dataset, support-

ing the construction of B2 prompts with richer structural, temporal, and functional information.

Furthermore, the graph facilitates module-level similarity computation via structural summaries,

enabling dataset consistency checks and module reuse analysis. The specific algorithm flow is

shown in Algorithm 1.

Algorithm 1 Semantic-Enhanced RTL Benchmark Dataset Construction

Require: Verilog set 𝑉 = {𝑣1, . . . , 𝑣𝑛}
Ensure: High-quality dataset 𝐷

1: 𝐷 ← ∅
2: for all 𝑣 ∈ 𝑉 do
3: 𝑐𝑜𝑑𝑒 ← Preprocess(𝑣) // encoding detection, normalization, regex hints

4: A𝑝 ← PyverilogParse(𝑐𝑜𝑑𝑒) // basic syntax AST

5: A𝑐 ← SemanticEnhance(A𝑝 ) // two-stage AST construction via Φ : A𝑝 → A𝑐

6: 𝐺 ← Build heterogeneous directed graph(A𝑐 ) // construct heterogeneous directed

graph 𝐺 = (𝑉 , 𝐸𝑠𝑡𝑟𝑢𝑐𝑡 ∪ 𝐸𝑑𝑎𝑡𝑎 ∪ 𝐸𝑐𝑜𝑛𝑡𝑟𝑜𝑙 )
7: 𝑅𝑜𝑙𝑒𝑠 ← InferRoles(A𝑐 ,𝐺) // clk/rst/cnt role mapping

8: 𝑃𝑎𝑡𝑡𝑒𝑟𝑛𝑠 ← RecognizePatterns(A𝑐 ,𝐺, 𝑅𝑜𝑙𝑒𝑠) // FSM/counter/reset pattern recognition

9: 𝐽𝑠𝑜𝑛sem ← SerializeToJSON(A𝑐 , 𝑅𝑜𝑙𝑒𝑠, 𝑃𝑎𝑡𝑡𝑒𝑟𝑛𝑠) // structured representation

10: 𝑆𝑎𝑚𝑝𝑙𝑒 ← {𝑠𝑟𝑐: 𝑣, 𝑎𝑠𝑡 : A𝑐 , 𝑟𝑜𝑙𝑒𝑠 : 𝑅𝑜𝑙𝑒𝑠, 𝑝𝑎𝑡𝑡𝑒𝑟𝑛𝑠: 𝑃𝑎𝑡𝑡𝑒𝑟𝑛𝑠, 𝑗𝑠𝑜𝑛: 𝐽𝑠𝑜𝑛sem}
11: 𝐷 ← 𝐷 ∪ {𝑆𝑎𝑚𝑝𝑙𝑒}
12: end for
13: return 𝐷

The generated semantic descriptions and annotations are then integrated into a semantically

enhanced RTL training dataset, providing a standardized representation for subsequent multi-task

learning and model training. Based on the DeepSeek Application Programming Interface (API),

the semantic enhancement method further refines functional roles across multiple dimensions,
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encompassing functional descriptions, interface analysis, implementation details, and technical

features.

3.2.3 Semantic-Aware Repair for Dataset Enhancement. This paper proposes an agent-based, struc-

tured prompt automatic repair algorithm for Verilog designs. Leveraging a semantically enhanced

AST as the core representation, the algorithm provides fine-grained semantic understanding

and structural consistency constraints during the repair process. Through a closed loop “com-

pile–fix–verify” iteration, compilation errors are automatically resolved. The overall algorithm flow

is illustrated in Figure 3.

Step 1

Collect Verilog code 

defects

Step 2

Generate repair 

prompts

Step 3

LLM-driven Code

Repair

Step 4

Compiler Feedback 

Loop

Error FilteringError Filtering

Defect DatasetDefect Dataset

Prompt Example

Goal: Fix compilation error in 

this file.

Goal: Fix compilation error in 

this file.

Input: {file name},

            {file content},

            {error summary}

Input: {file name},

            {file content},

            {error summary}

Constraints: Minimal edits, no 

new modules.

Constraints: Minimal edits, no 

new modules.

Output: Correct Verilog code.Output: Correct Verilog code.

Step 5

Semantic Validation 

and Dataset Integration

         Verilog Code         Verilog Code

        Icarus Verilog        Icarus Verilog

Iteration: 3

Module: ALU

Compiler: Icarus Verilog

Errors: 5

Iteration: 3

Module: ALU

Compiler: Icarus Verilog

Errors: 5

Compilation_errors.txt

module ALU(...);

… … 

endmodule

module ALU(...);

… … 

endmodule

Generated Fixed Code

Compile Result

alu.v:52 syntax error

alu.v:88 Unknown module adder

… … 

alu.v:52 syntax error

alu.v:88 Unknown module adder

… … 

Debugger Response

A

B

C

D

E

√ Correct  Fixed Successfully

× Fixed  Unknown module

× Fixed  Width mismatch

… … 

Repaired Verilog Project

Task Description

Goal: Validate repaired samples 

and update the dataset.

Input: Repaired Verilog files.

Tool: Icarus Verilog.

Method: Compile full project.

Goal: Validate repaired samples 

and update the dataset.

Input: Repaired Verilog files.

Tool: Icarus Verilog.

Method: Compile full project.

Final Status Report

Pass Rate

Fail Rate

 → Integrated into Dataset√√

×× → Sample Removed

Fig. 3. Compiler Feedback-driven Intelligent Agent Verilog Code Repair System

Given a design composed of 𝑛 Verilog source files P = 𝑓1, . . . , 𝑓𝑛 , the algorithm operates on an

internal working set P̂ to preserve the integrity of the sources. Compilation and simulation are

performed using Icarus Verilog to collect structured error information E, including error locations,

categories, and diagnostic messages. Based on E, the repair agent applies a structured prompting

mechanism combined with contextual analysis to generate targeted local repair solutions, and

a multi-level verification strategy adaptively determines whether to continue iterative fixing or

terminate early. The Iterative Repair Workflow, as shown in Equation (2), guides the symbol-based

reasoning process using feedback derived from compilation results.

P̂
Compile

−−−−−−−→ E
Agent(Prompt)

−−−−−−−−−−−−→ P̂′
ReCompile

−−−−−−−−−→ · · · → P̂∗ (2)

P̂∗ denotes the final design version that is both compilable and functionally correct. To constrain

the generation behavior of the repair agent and ensure executability and design consistency, a

structured prompting template provides constraint-aware and context-rich guidance during each

iteration. After the repair, each sample is re-parsed into an AST-consistent semantic representation

and written back to the dataset, thereby improving dataset quality, semantic expressiveness, and

design coverage.

4 Study Results
4.1 RQ-1: AST-Guided Structural and Semantic Characterization of Verilog Code
This study conducts a multi-faceted analysis to characterize the compositional patterns and quality

attributes of the constructed Verilog dataset. Dataset size, ablation experiments, and experimental

verification of dataset quality. These analyses provide a comprehensive overview of the dataset’s

quality, diversity, and robustness.
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4.1.1 Complexity Evaluation. To systematically evaluate the complexity of the dataset, this study

extracts multiple complexity metrics across key dimensions based on the AST representation of

each Verilog sample [3]. For features exhibiting significant skewness, a logarithmic transformation

is applied to normalize distributions. Feature scaling is performed using robust normalization

to mitigate outlier effects. To improve discriminative power, a weighted aggregation framework

integrates dimensional scores, augmented by a nonlinear mapping function. Finally, the samples

were classified into three complexity levels using the quantile method: Simple, Intermediate, and

Advanced. A simple design corresponds to samples below the 25th percentile (Q1), an intermediate

design refers to samples between Q1 and the 75th percentile (Q3), and a complex design includes

samples above Q3 [38]. This classification accounts for features such as multi-module instantiation,

cross-clock domain design, and parametric generation, enabling a comprehensive and quantitative

evaluation of Verilog implementation complexity. The original dataset consists of approximately

318,021 Verilog modules. To enhance training efficiency and reduce computational overhead,

samples longer than 4,096 tokens were excluded. After preprocessing, roughly 170,000 samples

were utilized for model training.

Table 1. Verilog Module Complexity Metrics

Level Sample Size LOC LOC Range Modules Always Ports Instance Count A Width

Simple 42,106 14 2-241 1-10 0-1 4 0-3 30.2

Medium 84,210 42 1-1,815 1-138 0-16 6 0-9 185.5

Hard 42,101 136 10-1,469 1-50 0-69 12 0-175 465.6

As shown in Table 1, the dataset exhibits relatively balanced distributions across complexity

levels, with intermediate designs dominating (approximately 50%) and both simple and advanced

designs each accounting for approximately 25%. Moreover, design complexity is influenced by

multiple factors beyond code size, including procedural control, interface width, and hierarchical

instantiations. Compared to simple designs, advanced designs exhibit substantially more procedural

blocks and higher instance and expression counts, indicating deeper structural and behavioral

complexity. These characteristics suggest higher verification costs and integration challenges for

advanced designs, highlighting the necessity of multi-dimensional metrics for evaluating Verilog

complexity.

4.1.2 Comparison of Dataset Sizes. To better demonstrate the diversity and scale of datasets used

for RTL code generation, this experiment compares the sample sizes of existing benchmarks and our

proposed dataset. As shown in Table 2, our dataset significantly exceeds the sizes of AutoVCoder,

VeriGen, chipgptseries and GEMM, providing a larger number of high-quality Verilog modules and

spec-to-code pairs. This substantial scale offers better coverage of design patterns and enhances

the generalization capability of models trained on our dataset.

Since the primary focus of this paper is the construction of benchmark datasets for Verilog

code generation tasks, this section primarily compares our dataset with natural language Verilog

Generation benchmarks that are also designed for code generation. AutoVCoder and VeriGen

focus on high-quality Verilog modules suitable for large-scale model pretraining. Chipgptseries

provides a large-scale benchmark for general-purpose code generation. GEMMV-DS contributes

specialized data for GEMM accelerators and performance-oriented hardware studies. In comparison,

our dataset integrates a large collection of diverse Verilog modules with a substantial amount of

structured code, enabling both broad coverage of RTL design patterns and task-driven instruction

tuning. This hybrid composition not only supports large-scale domain-adaptive pretraining but
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Table 2. Comparison of Dataset Sizes for RTL Code Generation

Dataset Samples Type

AutoVCoder [12] ≈ 50,000 Spec-to-Verilog

VeriGen [44] 51,826 Spec-to-Verilog

chipgptseries [5] 124,000 Spec-to-Verilog

GEMMV [56] 12,519 Domain-Specific RTL Generation

Ours 318,021 Spec-to-Verilog

Ours 168,417 Fine-tuning Dataset

also facilitates fine-grained supervised learning, thereby enhancing semantic understanding and

significantly boosting the generalization capability of LLMs for Verilog code generation.

4.1.3 Evaluation of Closed-Loop Automatic Repair Framework. This experiment aims to compre-

hensively evaluate the effectiveness of the LLM-based closed-loop automatic repair framework for

restoring failed samples due to compilation and simulation errors. To evaluate the repair frame-

work, this section uses Repair Rate as the primary metric, which measures the proportion of failed

samples successfully repaired, reflecting the system’s overall recovery capability. Furthermore, the

error distribution across the complete and restored datasets is analyzed to reveal the framework’s

adaptability across diverse failure scenarios.

Table 3. Error Statistics on Complete vs. Restored Datasets

Error Type [41]

Complete Dataset Restored Dataset

Repair Rate(%)

Sample Size Proportion(%) Sample Size Proportion(%)

Module and instantiation errors 291,661 73.54 44,967 71.63 15.42 ↑
Grammatical and structural errors 45,837 11.56 6,511 10.37 14.20 ↑
Type and width errors 12,795 3.23 2,541 4.05 19.86 ↑
Variable and declaration errors 37,460 9.45 7,704 12.27 20.57 ↑
Expression and operation errors 5,022 1.27 299 0.48 5.95 ↑
Port and connection errors 2,035 0.51 225 0.36 11.06 ↑
Range and index errors 599 0.15 111 0.18 18.53 ↑
Else 1,180 0.30 419 0.67 35.51 ↑

All 396,589 100.00 62,777 100.00 15.83 ↑

As shown in Table 3. The errors in RTL design primarily stem from challenges arising from

design complexity. Statistical analysis of the complete dataset reveals that module and instantiation

errors are dominant (73.54%), typically caused by cross-module interface mismatches that require

precise parameter configuration and port mapping. Type and width errors (3.23%) mainly result

from signal bit width mismatches, which can trigger numerous design inconsistency issues.

To address these challenges, this section proposes a structured error identification and repair

framework based on AST-enhanced defect analysis. Experimental results demonstrate that this

framework achieves remarkable improvements across various error types. Although expression

and operation errors are inherently difficult to repair, they still achieve a 5.95% repair success rate,

with successful cases benefiting from accurate AST-based reconstruction of localized structural

patterns. The fix rate for variable and declaration errors reaches 20.57%, benefiting from AST’s

ability to construct precise definitions, usage relationship diagrams, and systematic type deriva-

tions. Meanwhile, agent-based reasoning resolves most bit-width mismatch problems, achieving a

repair rate of 19.86% for type and width errors. For low-complexity samples, approximately 90%
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are successfully repaired within the first 20 iterations, while high-complexity samples require

40 iterations to restore grammatical and semantic correctness. To balance repair accuracy with

engineering efficiency, this section sets an upper limit of 40 repair iterations to ensure the repaired

dataset retains the difficulty distribution and diversity of the original dataset, thereby guaranteeing

representativeness for downstream model training and evaluation.

This experiment constructed a large-scale Verilog dataset comprising 318,021 samples. Through

multi-dimensional complexity evaluation and semantic enhancement strategies, its effectiveness in

hardware design automation was verified. Complexity features were extracted using AST represen-

tations, and the quantile method was applied to classify the samples. The resulting distribution

accurately reflects the current state of industrial hardware design: medium-complexity functional

units dominate, while system-level complex designs are relatively rare due to their high verification

costs and integration challenges. Compared with existing benchmarks, this dataset is significantly

larger in scale and offers more comprehensive coverage of design patterns for model training.

Answer to RQ-1.

The dataset exhibits balanced complexity distribution (simple, intermediate and advanced) using
multi-dimensional AST-based metrics including LOC, module count, and procedural blocks. The
repaired defects span multiple error categories, including instantiation, syntactic/structural issues,
and type/bit-width mismatches. The closed-loop repair framework achieves 15.83% overall repair
success rate, effectively improving dataset quality while preserving difficulty distribution.

4.2 RQ-2: Enhancing Functional Correctness through Multi-Level Semantic Constraints
This study systematically evaluates the impact of different levels of prompt structuring on the

quality, consistency, and reliability of Verilog code generation.

This experiment evaluates three distinct prompting approaches: B0 (Natural Language Prompt):

Provides only the natural language description and interface requirements for the target module.

B1 (Structured JSON Format): Incorporates a JSON-serialized AST skeleton derived from syntactic

parsing, containing fundamental structural elements (module names, ports, etc.) while excluding

semantic enhancements. B2 (Ours): The complete semantic features, such as signal roles and

clock/reset attributes of the enhanced AST are extracted from the module to form a constrained

prompt, maximizing the retention of structural and temporal information.

To assess executability and functional correctness, we adopt three key metrics: CR (compilation

rate), SR (simulation success rate) and SC (structural consistency) [27]. A stratified balanced

sampling strategy is adopted, where each prompting group (B0, B1, B2) contains 2,000 Verilog

modules. This sample size was chosen based on statistical calculations to ensure a 95% confidence

level (under p=0.5 assumption) and an error margin of approximately ±2% [40], helping to maintain

the representativeness and diversity of the dataset and ensuring that the evaluation process is both

comprehensive and reliable. Before making API calls, this experiment conducts comprehensive

quality control on the B0, B1, and B2 datasets, verifying each sample’s structural integrity, detecting

potential unintended solution leakage, and flagging excessively long prompts that may exceed the

model’s context window [52]. This rigorous preprocessing ensures that all evaluated samples are

valid and maintains experimental fairness throughout this study.

For each strategy, the unified model is called to generate Verilog code, compiled using Icarus

Verilog. Throughout the experiment, random seeds were fixed, and the results were cached to ensure

reproducibility. This methodology excludes any intelligent inference or enhancement processing,

thereby isolating and accurately measuring the intrinsic effects of different prompt formats on

model outputs. The specific results are shown in Figure 4. Among the three prompting strategies,
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B0 produces the most SR but suffers from severe hallucination, leading to poor structural and

semantic consistency. B1 mitigates this issue by providing a more reliable module skeleton, yet

it lacks semantic constraints and still yields insufficient functional correctness. In contrast, B2

combines AST structure and functional role information, thereby constraining model outputs and

significantly improving structural consistency and functional reliability. Experimental results show

that B2 achieves the highest Avg SC (52.35%), outperforming B1 (29.63%) and B0 (17.60%) by 22.72

and 34.75 percentage points, respectively, while maintaining a high Avg CR of 98.67%.

Hard SR

Medium SRSimple SR

Avg CR

Avg SC

Hard SR

Medium SR
Simple SR

Avg CR

Avg SC

Hard SR

Medium SRSimple SR

Avg CR

Avg SC

Bucket B0 Bucket B1 Bucket B2

Fig. 4. Bucket Validation Results

This dataset is constructed from the original Verilog source files through Pyverilog parsing

and heuristic semantic enhancement. The parsing process directly extracts the module port, bit

width, clock/reset semantics and structure, data, and control class dependencies from the source

code. The final dataset also contains the original .v file. Therefore, since all structured fields are

derived from the automatic parsing results and have not undergone manual secondary modification,

the data is naturally consistent with the original RTL code in terms of structure and interface

attributes. Thus, there is no need to conduct additional consistency comparison experiments. The

experiment demonstrates that prompts with higher completeness and structural organization lead

to significantly improved code generation success rates, functional accuracy, and implementation

reliability.

Answer to RQ-2.

Prompt structuring impacts code generation quality through three progressive mechanisms. B0
provides only functional descriptions and interface requirements, achieving high success rates
but causing severe hallucinations due to lack of structural constraints; structured prompts. B1
improves reliability by providing detailed structural information and module frameworks, but lacks
semantic guidance. B2 integrates signal-role and clock/reset constraints, achieving superior structural
consistency while maintaining a high compilation rate.

4.3 RQ-3: Cross-Model Evaluation of General-Purpose and Specialized LLMs on Verilog
Benchmarks

To enhance the Verilog code generation capability, this experiment fine-tunes the CodeQwen-7B,

DeepSeek-Coder-6.7B, Mistral-v0.3-7B, and Qwen3-8B models using the semantically enhanced

dataset constructed in this study. The dataset consists of structured problem–code pairs, where each

sample includes a formal design requirement description and its corresponding verified Verilog code.
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To reduce computational overhead while maintaining training effectiveness, this section adopts

LoRA for parameter-efficient, instruction-supervised fine-tuning, optimizing the models with the

cross-entropy loss to ensure consistency between the generated and target implementations. During

evaluation, the Icarus Verilog simulator is used to verify both syntax and functionality correctness

of the generated code. This section further evaluates the effectiveness of our method by comparing

the fine-tuned models with state-of-the-art models and existing baseline methods.

4.3.1 Benchmark Evaluation. The evaluation is conducted on multiple benchmarks, including

VerilogEval [23] and RTLLM v1.1 [27]. In accordance with standard practice, this experiment

focuses on pass@1 and pass@5 metrics, along with syntactic and semantic checks from RTLLM.

As shown in Table 4, our method achieves consistent and substantial improvements in Verilog

code generation across diverse baselines.

Table 4. Benchmarking Verilog Code Generation on VerilogEval and RTLLM Benchmarks

Model Type Evaluated Model Params Eval-Machine (%) Eval-Human (%) RTLLM V1.1 (%)

K=1 K=5 K=1 K=5 Syntax-VCS Func

Closed-Source Baseline

GPT-4 [1] N/A 60.00 70.60 43.50 55.80 100.00 65.50
ChipNeMo [22] 13B 43.40 N/A 22.40 N/A N/A N/A

VerilogEval [23] 16B 46.20 67.30 28.80 45.90 N/A N/A

Open-Source Baseline

Codegen2 [33] 16B 5.00 9.00 0.90 4.10 72.40 6.90

Starcoder [21] 15B 46.80 54.50 18.10 26.10 93.10 27.60

rtl code [43] 16B 44.00 52.60 30.30 43.90 86.20 24.10

MG-Verilog [58] 7B 52.70 58.50 N/A N/A N/A N/A

asic [14] 7B 40.60 48.40 N/A N/A N/A N/A

Base Model

CodeQwen1.5 [2] 7B 51.26 74.63 23.97 44.58 83.52 36.03

DeepSeek-Coder [17] 6.7B 43.84 63.18 23.59 38.44 88.85 35.36

Mistral-v0.3 [31] 7B 21.61 36.77 5.00 11.89 31.90 8.62

Qwen3(no think) [51] 8B 43.85 48.36 28.21 31.87 86.48 42.99

Our Method

CodeQwen1.5 [2] 7B 60.28 79.74 30.58 51.63 86.89 46.82

DeepSeek-Coder [17] 6.7B 48.81 77.30 25.45 48.66 90.28 49.86
Mistral-v0.3 [31] 7B 50.77 64.31 25.64 38.92 88.45 31.42

Qwen3(no think) [51] 8B 55.73 69.38 35.00 45.81 87.93 43.68

In the VerilogEval benchmark, the CodeQwen-7B model improves by 9.02% and 5.11% on the

Eval-Machine metric. Its performance with K=1 and K=5 reaches 60.28% and 79.74%, respectively,

surpassing GPT-4 (60.00% and 70.60%), validating the effectiveness of fine-tuning with high-quality

datasets. The most substantial improvement is observed in the Mistral v0.3-7B model. Under the K=1

setting of Eval-Machine, its accuracy rises from 21.61% to 50.77%, achieving a 29.16% improvement.

These results demonstrate that our method is particularly effective for general-purpose baseline

models that initially perform poorly on Verilog-related tasks.

In the Eval-Human benchmark, CodeQwen-7B achieves absolute improvements of 6.61% and

7.05%. Similarly, the DeepSeek-Coder-6.7B model exhibits strong performance, achieving a 14.12%

improvement under the K=5 setting in Eval-Machine, increasing from 63.18% to 77.30%.

In the RTLLM v1.1 benchmark, most baseline models achieve syntactic correctness exceeding

80.00%. While our models may not achieve the highest syntax scores, circuit verification primarily

focuses on functional correctness, where our approach demonstrates strong performance, ensur-

ing effective overall results. By fine-tuning on our dataset, CodeQwen improves by 10.79%, and

DeepSeek-Coder improves by 14.50% in functional correctness. Notably, Mistral achieves a remark-

able improvement of 22.80%. Although it still falls below specialized baselines, this demonstrates

the importance of domain-specific fine-tuning.
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Overall, the proposed method leverages a high-quality Verilog dataset to enable general-purpose

LLMs to achieve substantial performance gains in HDL-related tasks. The fine-tuned open-source

baseline models approach the performance of GPT-4 on multiple metrics, demonstrating that, with

precisely constructed datasets, open-source models can compete with closed-source models in pro-

fessional Verilog code generation. This provides an efficient, cost-effective, and high-performance

alternative for the real-world deployment of automatic Verilog code generation systems.

4.3.2 Impact of Model Scaling and Task Complexity. To further evaluate the generalizability of our

approach across different model architectures and task complexities, we conducted comprehensive

comparisons on different model scales and two distinct Verilog-related tasks using VerilogEval

v2 [35].

As shown in Table 5, our fine-tuning method demonstrates significant improvements across

different model architectures.

Table 5. Model Comparison for Verilog Tasks

Model Name Model Size License Type Task: Code Completion Task: Specification to RTL
In-Context Learning Examples: 1-shot 1-shot

Temperature: T=0 T=0

GPT-4 [1] Undisclosed Closed General 51.30% 48.70%

Mistral Large [30] Undisclosed Closed General 44.20% 48.70%

Llama3.1 [29] 70B Open General 34.00% 48.00%

Llama3 [29] 70B Open General 36.50% 39.50%

Llama2 [29] 70B Open General 15.40% 17.80%

CodeLlama [28] 70B Open General 41.70% 41.50%

DeepSeek-Coder [17] 33B Open General 42.30% 40.10%

Llama 3.1 [29] 8B Open General 10.90% 27.60%

Code-Gemma [15] 7B Open Coding 19.90% 24.30%

RTL-Coder [25] 6.7B Open Verilog RTL 37.20% 34.90%

DeepSeek-Coder [17] 6.7B Open Coding 33.30% 27.60%

CodeQwen1.5 [2] 7B Open Coding 31.69% 34.62%

Mistral-v0.3 [31] 7B Open Coding 18.59% 14.74%

Qwen3(no think) [51] 8B Open Coding 39.10% 33.97%

DeepSeek-Coder [17] 6.7B Fine-tuning Coding 36.54% 42.95%
CodeQwen1.5 [2] 7B Fine-tuning Coding 33.97% 37.82%
Mistral-v0.3 [31] 7B Fine-tuning Coding 28.21% 30.77%
Qwen3(no think) [51] 8B Fine-tuning Coding 46.15% 43.56%

In the Code Completion task, while GPT-4 achieved an accuracy of 51.30%, our approach enabled

smaller models to deliver remarkable results. Specifically, Qwen3-8B (no think) achieved 46.15%

performance, surpassing much larger models including Llama3.1-70B (34.00%) and CodeLlama-70B

(41.70%), and even outperforming the closed-source model Mistral Large (44.20%). All baseline

models demonstrated substantial improvements: DeepSeek-Coder-6.7B improved from 33.30% to

36.54%, while Mistral-v0.3 surged from 18.59% to 28.21%.

The closed-source model GPT-4 maintains the leading position with an accuracy rate of 51.30%.

Among open-source models, large-parameter models demonstrate a significant scale advantage,

with DeepSeek-Coder-33B achieving 42.30% performance. The medium and small-sized models

fine-tuned using the method proposed in this paper also demonstrated significant performance

improvements.

In the Specification to RTL conversion task, the performance improvement is more pronounced.

DeepSeek-Coder-6.7B increased substantially from the baseline of 27.60% to 42.95%, achieving

an improvement of 15.35%. This performance notably exceeds the specialized RTL-Coder-6.7B

(34.90%) and approaches larger general-purpose models such as Llama3.1-70B (48.00%) and Mistral

Proc. ACM Softw. Eng., Vol. 3, No. FSE, Article FSE045. Publication date: July 2026.



FSE045:16 L. Zhang, C. Chen, D. Yan, H. Xu, M. Cao, J. Song, Z. Cai, Y. Guo

Large (48.70%). Similarly, Qwen3-8B represents an enhancement of 9.59%, getting closer to the

performance levels of GPT-4.

Our fine-tuning method demonstrates consistent and substantial improvements across multiple

benchmarks and model architectures. The results show that with high-quality domain-specific

datasets, smaller open-source models can achieve competitive performance with larger closed-

source models.

Answer to RQ-3.

The fine-tuning method demonstrates stable gains and strong transferability across different
model architectures and task complexities. For code-specific models, CodeQwen-7B reaches 60.28%
surpassing GPT-4, with some open-source models matching or exceeding closed-source performance.
For general-purpose models, Mistral-v0.3 improves by 29.16%, achieving significant enhancement on
initially weak-performingmodels. In cross-task evaluation, smaller models like Qwen3-8B outperform
multiple 70B-scale models. The method exhibits strong generalization across model scales and task
difficulties.

5 Discussion
This study demonstrates that the performance of large language models in Verilog code generation

is governed by a complex interplay of factors, extending beyond model size and architectural

choices to include the quality of the training dataset and the model used for fine-tuning. Drawing

on the experimental results of RQ-1, RQ-2, and RQ-3, we summarize the main conclusions as

follows.

5.1 High-Quality Datasets Analysis
The dataset constructed in this study has been systematically designed with respect to scale,

complexity stratification, and semantic enhancement, enabling more comprehensive coverage of

diverse Verilog modules and design patterns. In terms of sample size, semantic consistency, and

automated repair mechanisms, the dataset offers richer and higher-quality information, thereby

improving its usability and stability for subsequent model training and code generation tasks.

By combining an AST-annotated dataset with a data-centric closed-loop repair process, both

the proportion of compilable/simulable samples and the consistency of structural and interface

definitions have been substantially improved. In RQ-1, error distribution analysis reveals that

module/instantiation-related issues constitute the primary source of errors. Among these, the

closed-loop repair mechanism demonstrates the most significant effectiveness in addressing mod-

ule/instantiation and type/bit-width issues, whereas its impact on complex structural or timing-

related problems remains relatively limited.

Overall, the proposed methodology establishes a solid foundation for advancements in prompt

structuring andmodel fine-tuning, ultimately enhancing the performance of Verilog code generation

models.

5.2 Functional Correctness Analysis
In RQ-2, by comparing the three prompt strategies (B0, B1, and B2), this work observed that B2 (the

semantically enhanced AST prompt) consistently outperforms both B0 and B1 overall. Compared

with B0, B2 significantly reduces the ambiguity inherent in natural language descriptions by

introducing structured information. Compared with B1, B2 further integrates richer semantic

features on top of structural representation. These additional semantic cues make the prompt

content more comprehensive and instructive, effectively guiding the model toward more precise
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logical reasoning, which in turn improves structural consistencywhilemaintaining high compilation

and simulation success rates.

5.3 Model Fine-Tuning Analysis
In RQ-3, compared with the unfine-tuned baseline, the correctness of code generation has been

significantly improved after tuning. The experimental results reveal several key findings. First,

our fine-tuning method enables 6.7B-8B models to match the performance of much larger models,

providing significant value for resource-constrained deployments. Second, since our dataset focuses

on generation tasks, the improvements are more pronounced on RTL generation, aligning with

our design objectives. Third, models with weaker baseline performance achieve substantial gains,

demonstrating the method’s generalizability and effectiveness.

These experimental results comprehensively validate the effectiveness of the proposed fine-

tuning method for Verilog code generation tasks. The approach demonstrates significant advantages

in balancing model performance and computational cost, providing a cost-effective solution for

practical applications.

6 Threats to Validity
This study proposes a semantically enhanced AST framework, a closed-loop dataset construction

method, and a prompt strategy optimization for the Verilog code generation task. To ensure the

reliability of our research findings, we analyze the potential threats to validity that may affect the

results and propose corresponding mitigation measures.

6.1 Threats to External Validity
External validity concerns the generalizability of research findings across different languages,

models, and industrial environments. The semantically enhanced AST framework and the closed-

loop dataset construction method proposed in this study natively support two hardware description

languages, Verilog and SystemVerilog, and can uniformly extract key information such as syntactic

constructs, signal roles, inter-module dependencies, and cross-clock-domain constraints. However,

SystemVerilog differs significantly from Verilog in syntax structures, type systems, and modeling

paradigms (such as interfaces, assertions, and richer data types). Although the experiment can

parse SystemVerilog, the benchmark datasets focus on Verilog since the existing benchmarks are

mainly based on Verilog.

6.2 Threats to Internal Validity
Internal validity concerns the potential confounding factors in the experimental process and their

influence on causal conclusions. In this study, Icarus Verilog is adopted as the primary compilation

and simulation tool. Although widely used in academic research, different tools may vary in syntax

analysis, timing checks, and coverage statistics. To mitigate this threat, we fixed the toolchain

version to ensure reproducibility of the experimental results. Due to cost constraints, multi-emulator

verification was not conducted in this study. In future work, we plan to perform consistency analyses

under a multi-emulator environment.

Additionally, this study proposes a closed-loop automatic repair mechanism for large-scale

Verilog code. The iterative repair process is achieved through multi-round interactions between

the Agent architecture and EDA tools. Theoretically, given unlimited iterations, the mechanism

can achieve a near-100% repair rate since each round performs locally optimized fixes based on

precise error locations and contextual semantic constraints. Considering engineering efficiency

and computational cost, we set an upper bound on the number of repair iterations to balance repair

efficiency and resource consumption.
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6.3 Construct Validity
Structural effectiveness evaluates whether the selected indicators comprehensively capture the

research objectives. In this study, we primarily adopt CR, SR, and SC as the core evaluation

metrics, which effectively measure the executability and functional correctness of the generated

code. However, the correct implementation of a function does not necessarily indicate a high-

quality design. Since this study primarily focuses on code executability and functional correctness

rather than circuit-level performance optimization, the current set of indicators does not yet cover

comprehensive performance dimensions—including area utilization and power consumption. In

future work, we plan to incorporate PPA-related metrics (Performance, Power, Area) to establish a

more holistic code quality assessment framework.

6.4 Conclusion Validity
Conclusion validity concerns the reliability and statistical robustness of the research inferences.

In this study, we evaluated 6,000 samples in RQ-2, with 2,000 samples allocated to each group.

At a 95% confidence level, we controlled the margin of error within ±2%, thereby enhancing the

credibility of our statistical conclusions. However, due to the lack of industrial-scale data, certain

high-complexity subsets and rare error categories still suffer from limited sample sizes, which may

introduce fluctuations in the evaluation results. This issue will be further investigated in future

work.

In RQ-3, we assessed the impact of fine-tuning on model performance. The fine-tuned model

demonstrates significant improvements over the baseline in both functional correctness and struc-

tural consistency. The reliability of this conclusion, however, largely depends on the quality of the

training data and the independence of the evaluation data. To avoid overestimating the effect of

fine-tuning, we strictly ensured complete separation between the training and test datasets. All

test samples were drawn from independent datasets that were never used during fine-tuning.

7 Related Work
With the rapid advancement of LLMs, HDL code generation based on LLMs has emerged as a key

research direction in electronic design automation. Current research can be broadly divided into

code generation and code repair tasks.

Code Generation Tasks. In terms of benchmark testing and evaluation frameworks, Liu et

al. [23] constructed the VerilogEval evaluation framework. By establishing a dataset containing 156

diverse questions, they addressed the issue of insufficient performance evaluation of LLMs in Verilog

code generation. Lu et al. [27] developed the RTLLM open-source benchmark, integrating 30 digital

designs of varying complexity and assessing design quality. Dehaerne et al. [8] developed a deep

learning-based auto-completion method that leverages large-scale pre-training and Verilog-specific

fine-tuning to improve module completion efficiency.

In terms of model training optimization, Liu et al. [22] proposed the ChipNeMo, which employs

techniques including domain-adaptive pre-training (DAPT), model alignment, and retrieval aug-

mented generation (RAG) to adapt LLMs to industrial chip design tasks. Thakur et al. [44] addressed

the problem of unreliable code generation by existing commercial models in hardware design

scenarios. By combining open-source GitHub code with Verilog textbook materials, they reduced

syntax errors and functional defects in HDL generation. Liu et al. [25] proposed RTLCoder, which

employs an automated dataset pipeline and reinforcement learning to address the performance gap

among RTL generation tasks.

In terms of improving code generation quality, Thakur et al. proposed AutoChip [45], which

improves zero-shot accuracy through iterative compiler-guided feedback. Huang et al. [19] applied
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multi-round interaction and chain-of-thought reasoning, mitigating the issues of LLMs neglecting

temporal constraints and exhibiting low functional correctness when generating code. Pei et al. [55]

proposed BetterV, which integrates instruction tuning with a generative discriminator to improve

efficiency in Verilog code generation.

However, existing datasets still lack sufficient diversity and system-level coverage, providing

limited support for cross-module instantiation, hierarchical dependencies, and SoC-level designs.

As a result, they fail to evaluate LLM performance on complex circuit designs comprehensively.

These limitations highlight the need for a large-scale, high-quality, and semantically rich dataset to

better support Verilog code generation.

CodeRepair Tasks. In Verilog code debugging, LLMs face several challenges [24]. First, Verilog’s

complex syntax and fragmented compiler diagnostics make it difficult to identify and repair errors.

Second, the debugging process often lacks sufficient contextual information and clear correction

guidelines, with error logs frequently disconnected from root causes. Moreover, hardware design

introduces dynamic issues such as concurrent faults from multi-module interactions and cross-

clock-domain signal constraints. These factors are hard to capture through static analysis, forming

multi-level obstacles for LLM-based Verilog debugging.

To improve debugging efficiency and handle logical flows and data operations in LLM-generated

Verilog, Li et al. [36] proposed a method that decomposes programs into basic blocks and extracts

execution trajectories, effectively simulating breakpoint debugging. Tsai et al. [46] developed

RTLFixer, which converts LLMs into reasoning agents supported by a human expert knowledge

base for step-by-step error analysis, knowledge retrieval, and code revision. Yao et al. [54] proposed

HDLDebugger, which reverse-engineers error cases, generates compiler messages, and employs

dual-channel retrieval with chain-of-thought fine-tuning to improve repair success rates.

To address these issues, this paper proposes a generation strategy based on semantically enhanced

AST and integrates it with the automatic repair method that leverages AST to achieve error detection,

targeted repair, and high-quality sample supplementation during dataset construction. This forms

a closed-loop data enhancement pipeline, significantly improving both dataset quality and the

model’s code generation capabilities.

8 Conclusion
This study proposes a semantically enhanced AST framework and an automated repair mechanism

for Verilog to address the limitations of existing datasets. This work constructed a large-scale

benchmark dataset comprising 318,021 high-quality samples, obtained through rigorous function

validation and an AST-based repair process, achieving a 15.24% recovery rate for the error code.

This dataset significantly enriches design pattern diversity and provides reliable support for the

efficient fine-tuning of open-source large models. Experimental results show that CodeQwen1.5-

7B outperforms GPT-4 on the Eval-Machine metrics of VerilogEval, while Qwen3-8B surpasses

several 70B-scale open-source models on the Specification-to-RTL task. Other small-sized models,

such as Mistral-7B and DeepSeek-Coder-6.7B, also substantially outperform existing open-source

baselines across multiple metrics. Overall, domain-specific datasets can effectively empower small

and medium-scale models, enabling them not only to rival or even surpass closed-source and

ultra-large-scale models, but also to demonstrate clear advantages when compared at the same

scale.

Data-Availability Statement
The replication package, including the code and a sample dataset, is available at: https://github.com/

shiyiyanqin/Verilog-benchmark. The README in the package provides the link to the complete

dataset for download.
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