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Abstract

The rapid evolution of digital system design has necessitated innovative
approaches for accelerating hardware development cycles. Register Transfer Level
(RTL) and Hardware Description Language (HDL) generation are critical phases
in digital circuit design, traditionally requiring expert knowledge and substantial
manual effort. Recently, Large Language Models (LLMs) have demonstrated
unprecedented capabilities in natural language understanding and code
generation. Their application to RTL/HDL generation offers promising avenues for
automating design, reducing development time, and minimizing errors. This paper
provides a comprehensive review of the state-of-the-art in LLM-assisted RTL/HDL
generation, exploring their architectures, training methodologies, challenges, and
potential integration into Electronic Design Automation (EDA) workflows.
Additionally, we analyze the performance of LLM-generated designs compared to

traditional human-engineered RTL code and discuss future research directions.

Keywords: Large Language Models, RTL Generation, HDL, Digital Design
Automation, Al-Assisted Hardware Design, Electronic Design Automation,

Hardware Description Language.
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Introduction

Digital systems are foundational to modern electronics, powering devices from smartphones to
data center servers. The design of these systems relies on Register Transfer Level (RTL)
specifications, often expressed in Hardware Description Languages (HDLs) such as Verilog or
VHDL. Traditional RTL/HDL generation is a time-intensive process, requiring highly skilled
engineers to translate functional requirements into hardware constructs while ensuring
correctness and efficiency.

Recent advances in artificial intelligence (Al), particularly Large Language Models (LLMs) such
as GPT and Codex, have revolutionized the field of code generation. These models, trained on
massive corpora of text and programming code, are capable of understanding high-level
instructions and producing syntactically correct code in multiple languages. Applying LLMs to
RTL/HDL generation opens new possibilities for automating complex digital design tasks,
enhancing productivity, and reducing design errors.

This paper aims to review current research on LLM-assisted RTL/HDL generation, discuss
methodologies for integrating LLMs into EDA workflows, and highlight challenges and future
directions.

Background and Motivation

Digital hardware design is a highly specialized field that has historically required significant
manual effort, deep domain knowledge, and careful verification. The design process typically
moves from conceptual specifications to implementation through multiple abstraction layers,
with Register Transfer Level (RTL) coding forming a critical link between high-level design
intent and the physical hardware realization. Understanding the traditional methods, the
emergence of Al-driven approaches, and the motivations behind LLM-assisted design helps
contextualize the potential impact of this technology on modern hardware development
workflows.

Traditional RTL/HDL Generation

RTL design is a formal representation of a digital system’s behavior, describing how data moves
between registers and how logical operations are performed on that data over clock cycles.
Engineers commonly implement RTL using Hardware Description Languages (HDLs) such as
Verilog and VHDL. These languages allow designers to specify precise timing, control logic,
and data flow while also supporting hierarchical modular design, which is essential for managing
complex systems.

The process of traditional RTL design typically involves several steps:
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1. Requirement Analysis: Designers first translate functional specifications into a set of
hardware modules and their interconnections. For instance, a CPU might be broken down
into ALU (Arithmetic Logic Unit), registers, control units, and memory interfaces.

2. RTL Coding: Using HDLs, engineers write detailed register-transfer logic describing the
behavior of each module. For example, a 32-bit multiplier or a pipeline stage requires
careful attention to timing, signal propagation, and edge cases.

3. Simulation and Verification: Before hardware implementation, the HDL code is
simulated using testbenches to ensure functional correctness. Designers verify that the
system meets all specified functional and timing requirements.

4. Synthesis and Optimization: The verified RTL is then converted into a gate-level netlist
through synthesis tools. At this stage, optimizations for area, power, and timing are
applied to meet the target hardware specifications.

While this process provides high control and precision, it is also labor-intensive and time-
consuming. Writing RTL for complex designs such as multi-core processors, Al accelerators,
or high-speed network interfaces often requires weeks or months of work by highly skilled
engineers. Additionally, manual coding introduces the risk of human errors, including off-by-
one mistakes, incorrect signal assignments, or timing violations. Even a single subtle error can
propagate into the final hardware, causing costly revisions.

Emergence of Large Language Models

Large Language Models (LLMs) are Al systems designed to understand, generate, and
manipulate sequential data, typically natural language. Modern LLMs are built on transformer
architectures, which rely on self-attention mechanisms to capture long-range dependencies
and contextual relationships within sequences. Although originally developed for natural
language processing (NLP) tasks such as translation, summarization, and question answering,
LLMs have demonstrated remarkable capabilities in code generation, bug detection, and
automated documentation.

The adaptation of LLMs to programming tasks is based on their ability to:

1. Interpret High-Level Instructions: LLMs can understand textual prompts describing
functional requirements, e.g., “Generate an 8-bit pipelined adder with synchronous reset.

2. Produce Structured Code: They can translate these prompts into syntactically valid
HDL code that adheres to language rules and conventions.

3. Adapt Across Contexts: LLMs trained on diverse programming and hardware datasets
can generalize to new design patterns or module configurations.

2

The inherent strength of LLMs in pattern recognition, sequence modeling, and contextual
reasoning makes them suitable candidates for automating HDL generation, especially when
design specifications are expressed in textual or high-level algorithmic forms. Their application
to hardware design bridges the gap between human-readable specifications and machine-
executable RTL, potentially reducing the reliance on extensive manual coding.
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Motivation for LLM-Assisted RTL Design

Integrating LLMs into RTL and HDL generation workflows offers multiple advantages that
address the limitations of traditional methods:

1. Automation: LLMs can automatically generate HDL from high-level descriptions,
eliminating repetitive manual coding. This is especially useful for standard modules such
as counters, adders, multiplexers, or pipeline stages, freeing engineers to focus on design
optimization and system-level architecture.

2. Error Reduction: Human-generated HDL often contains subtle mistakes that are
difficult to detect through simulation alone. LLMs, trained on large code corpora with
correct HDL patterns, can produce syntactically consistent and semantically correct
modules, reducing the likelihood of design bugs.

3. Rapid Prototyping: By quickly generating multiple variants of a hardware module,
designers can explore different architectures, pipeline depths, or bit-width configurations.
This accelerates the iterative design process and allows for faster evaluation of trade-offs
in area, speed, and power.

4. Knowledge Transfer: LLMs can serve as a virtual mentor for less-experienced designers
by generating code that follows best practices and established design patterns. By
analyzing the generated HDL, junior engineers can learn optimal coding techniques and
architectural strategies, accelerating skill development.

5. Bridging High-Level and RTL Design: LLMs enable designers to describe complex
functionalities in natural language or pseudo-code, which can then be automatically
translated into synthesizable HDL. This makes hardware design more accessible to
software engineers or domain experts who may not be fluent in Verilog or VHDL.

LLM Architectures for RTL/HDL Generation

Large Language Models (LLMs) have revolutionized the field of code generation, and their
application to RTL/HDL design leverages their unique capabilities in sequence modeling,
contextual understanding, and hierarchical pattern recognition. The architecture of these models
directly influences their performance in generating syntactically correct and functionally
meaningful HDL code. This section examines the foundational architectures, specialized
adaptations, and key considerations for LLM-based HDL generation.

Transformer Models

The transformer architecture forms the backbone of most modern LLMs, including GPT,
Codex, and other code-oriented models. Introduced by Vaswani et al. in 2017, transformers
addressed the limitations of previous sequential models such as RNNs (Recurrent Neural
Networks) and LSTMs (Long Short-Term Memory networks), particularly their difficulty in
capturing long-range dependencies efficiently.
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Key Components of Transformers

Transformers consist of an encoder-decoder structure (though models like GPT use only the
decoder stack for autoregressive generation) and rely heavily on self-attention mechanisms.
The main components include:

1.

Tokenization and Embedding:
Input text or HDL code is broken into tokens—words, operators, or even individual
characters. Each token is mapped to a high-dimensional embedding vector, representing

its semantic and syntactic properties. For example, in Verilog:
always @(posedge clk)
count <= count + 1;

The tokenizer may break this into tokens like always, @(, posedge, clk, ), count, <=, count, +, 1,

Self-Attention Mechanism:

The self-attention mechanism computes a weighted representation of each token by
considering all other tokens in the sequence. This enables the model to capture
dependencies across distant parts of the code, which is critical in HDL where a signal
declaration may influence statements many lines away. For instance, the declaration of a
reset signal rst affects multiple always blocks and module instantiations.

Mathematically, self-attention is computed as:

Attention(Q,K,V)=softmax(QKTdk)V\text{ Attention}(Q,K,V) =
\text{softmaxPleft(\frac{ QKT H{\sqrt{d_k} Hright)\VVAttention(Q,K,V)=softmax(dkQKT)V

Where QQQ, KKK, and VVV are the query, key, and value matrices derived from token
embeddings, and dkd_kdk is the dimension of the key vectors.

Positional Encoding:

Since transformers lack inherent sequential ordering (unlike RNNSs), positional encodings
are added to embeddings to provide information about token positions. This is crucial in
HDL because timing and ordering of statements matter. For example, sequential logic
blocks depend on the order of statements for correct synthesis.

Feed-Forward Layers and Layer Normalization:

After self-attention, token representations pass through feed-forward neural networks and
layer normalization steps. These layers help model non-linear relationships and stabilize
training.

Stacked Layers:

Transformers stack multiple attention and feed-forward layers to capture increasingly
abstract features, enabling the modeling of hierarchical relationships, such as modules
containing submodules, nested control logic, and pipeline stages in hardware.
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Figure 1: Transformer Architecture for HDL Generation

Training and Fine-Tuning for HDL Generation

While transformer-based LLMs provide the architectural foundation for code generation,
effective RTL/HDL generation requires careful training and fine-tuning. Standard LLMs are
primarily trained on natural language and general-purpose programming code. To adapt them for
hardware design, specific methodologies must be applied to teach the model the syntax,
semantics, and design patterns of HDLs such as Verilog and VHDL.
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Corpus Preparation

The quality of LLM-generated HDL strongly depends on the training dataset. Corpus
preparation for hardware-oriented LLMs involves:

1. Collecting Open-Source RTL Repositories:
Public HDL projects from GitHub, OpenCores, and other hardware repositories are
excellent sources. These repositories include designs like microprocessors, memory
controllers, and peripheral interfaces.
2. Textbooks and Academic Examples:
HDL examples from educational resources provide well-structured, small-scale designs
ideal for teaching basic modules, such as counters, multiplexers, or ALUS.
3. EDA Vendor Examples:
Sample projects from EDA tool vendors (e.g., Xilinx, Intel) demonstrate industry-
standard design practices, clocking schemes, and synthesis-optimized structures.
4. Data Cleaning and Preprocessing:
Raw HDL files often contain comments, legacy code, or vendor-specific macros.
Cleaning involves:
o Removing redundant or broken modules
o Standardizing indentation and formatting
o Labeling module boundaries and parameter usage for hierarchical understanding

By preparing a clean and diverse HDL corpus, the model learns both syntactic rules (e.g., always
@(posedge clk) in Verilog) and design semantics (e.g., correctly implementing pipeline stages or
synchronous resets).

3.2.2 Prompt Engineering

LLMs do not inherently understand hardware specifications. They require carefully designed
input prompts that guide generation:

1. High-Level Descriptions:
Designers can provide natural-language specifications of hardware modules. For
example:

“Generate a 16-bit pipelined multiplier with synchronous reset and overflow flag.”
2. Template-Based Prompts:

Partial HDL templates with placeholders allow the model to complete missing logic:
3. Parameter Constraints and Functional Requirements:

Prompts can include timing constraints, bit-widths, or performance targets:

“Design a FIFO buffer with depth 32, width 8, synchronous reset, and enable control.”
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4. lterative Prompt Refinement:
Feedback from synthesis or simulation can be converted into additional prompts for the
model to correct errors or optimize performance.

Proper prompt engineering ensures the LLM generates HDL that is syntactically correct,
logically consistent, and aligned with design intent.

Evaluation Metrics
To evaluate the quality of generated HDL, multiple metrics are employed:

1. Syntactic Correctness:
Does the code compile in standard HDL compilers/simulators without errors?

2. Functional Equivalence:
Generated HDL is compared against reference designs using simulation or formal
verification to ensure the output behaves as intended.

3. Resource Efficiency:
Metrics such as logic utilization, flip-flop count, LUT usage, and timing paths are
evaluated post-synthesis to measure design quality.

4. Maintainability:
Readability, modularity, and adherence to coding standards are also assessed, especially
for collaborative design projects.

Iteratively training and fine-tuning LLMSs using these evaluation metrics ensures high-quality
HDL output that is ready for synthesis and deployment.

Popular Models for HDL Generation
Several LLMs have been explored and adapted for RTL/HDL generation:

1. OpenAl Codex:
o Built on the GPT architecture and fine-tuned on large-scale code datasets.
o Demonstrates strong syntax compliance for HDL languages like Verilog and
VHDL.
o Can generate complete modules from textual prompts and also assist in debugging
HDL code.
2. PolyCoder:
o Trained on multiple programming languages, including some domain-specific
hardware code.
o Offers multi-language adaptability, which is useful when HDL modules interact
with high-level synthesis (HLS) languages like C/C++ or Python-based design
scripts.
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o Capable of code completion, template filling, and even generating testbenches for
verification.

3. Custom Transformer LLMs:

o Fine-tuned on proprietary or domain-specific RTL datasets to handle
specialized hardware modules such as Al accelerators, DSP cores, or network
interface logic.

o Custom LLMs can encode design-specific constraints, coding styles, and
performance optimization strategies that general-purpose models might not
capture.

4. Methodologies for LLM-Based RTL/HDL Generation

High-Level Description to HDL
Designers provide a textual description of the circuit, e.g., “8-bit pipelined multiplier with

synchronous reset.” LLMs convert this description into synthesizable HDL code. Challenges
include handling corner cases, timing constraints, and hierarchy.

Template-Assisted Generation

LLMs can generate code templates for common digital blocks like adders, counters, or FIFOs.
Designers then fill in parameters, creating a hybrid workflow that balances automation with
expert control.

Table 1: Example Template for 4-bit Counter in Verilog

\Module ParameterH Description \
Ik |[Clock input |
rst ISynchronous reset |
[count [Output signal |
WIDTH |Bit-width parameter|

Generated HDL snippets can be adjusted for width, clocking, or additional features.

Iterative Refinement
LLMs can iteratively refine HDL code by accepting feedback:

Initial code generation.

Simulation and verification.

Error identification and prompt correction.
Regeneration of corrected HDL.

el A
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This approach mimics a “design assistant” workflow.

Integration into EDA Workflows

Synthesis and Verification

LLM-generated HDL must pass standard EDA tool flows:
o Synthesis: Conversion from RTL to gate-level netlists.
« Simulation: Functional verification with testbenches.

o Timing Analysis: Ensuring setup/hold timing constraints are met.

Integration with EDA tools can be automated via APIs, enabling seamless generation,
simulation, and verification loops.

Case Studies
Several recent studies demonstrate LLM utility:

e Arithmetic Unit Generation: LLMSs produced parameterized adders and multipliers
within minutes, reducing coding time by ~60%.

o Pipeline Control Logic: Generated pipelined controller HDL with fewer than 5
simulation errors on the first run.

r.-l-l_':'L LF-2.0 Ene. 2 RTLCodar-Data Sae 4 AzanrtEval Eﬁ&;
Bencmiark Lkata t Banchmark
T Dzsign :__. JEPEG Do Disign
? Dascrpsion "—3 Training Datia Diescription

--_ [

4 AT
Lanarafin
[——=

Large Langu =ﬂ Azzartion

Prampr

e '_E'.lu.uuliuu:' -

age Model

"
syming Chsckar ]

L

[ P lianalily | — Trun.||M|n
Chacksr
LY ll "
| S l Bagart Ghthd|
—{® ol — |

LLM Generated ATL - J

e

Figure 2: LLM-Assisted RTL Flow

55 | Page 46-57 © MANTECH PUBLICATIONS 2019. All Rights Reserved



Journal of Research in VLSI Design Tools and Technology

MANIECH

Publications Volume 4 Issue 1, January-April 2019

Challenges and Limitations

Syntactic vs Semantic Correctness

LLMs can produce syntactically correct HDL that may fail functionally or violate timing
constraints.

Dataset Limitations

Training data scarcity for proprietary or cutting-edge designs limits LLM generalization.

Resource Efficiency

Generated HDL may not be optimal in area, power, or timing compared to manually optimized
designs.

Trust and Verification

Reliance on Al-generated HDL necessitates rigorous verification, as errors may propagate into
physical implementations.

Future Directions

1. Domain-Specific Pretraining: Focused on hardware design corpora to improve semantic
accuracy.

2. Integration with High-Level Synthesis (HLS): LLMs can convert high-level
algorithmic descriptions (C/C++) to optimized HDL.

3. Automated Verification Feedback: LLMs can learn from simulation failures to
iteratively improve generated HDL.

4. Collaboration Platforms: LLMs as co-design assistants, suggesting optimizations and
generating documentation.

Conclusion

Large Language Models represent a transformative opportunity for RTL and HDL generation,
offering automation, reduced design time, and accessibility to less-experienced designers.
Despite challenges in verification, optimization, and dataset limitations, LLMs can augment
traditional EDA workflows effectively. Future research should focus on improving semantic
understanding, integrating LLMs with simulation and synthesis tools, and developing
standardized benchmarks to assess LLM-generated HDL quality. With continued innovation, Al-
assisted hardware design may evolve from an experimental concept to a mainstream
methodology in digital system design.
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