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Abstract—Optimizing register transfer level (RTL) code is of
vital importance in hardware design. Large language models
(LLMs) provide new methods for the automatic generation
and optimization of RTL code. However, existing methods for
generating RTL code often focus on model fine-tuning and
the use of various expansion techniques to enhance the RTL
code generation capabilities, lacking attention to the functional
correctness. To address this issue, we propose EstCoder, an LLM-
powered collaborative agent framework for RTL code generation
based on static functional score estimation. EstCoder operates a
three-stage paradigm: Generation, Estimation and Correction.
During the stages, the functional estimation agent statically
evaluates the generated code based on score and assessment
results, and decides whether to output the code directly, return
it for regeneration, or forward it to the code correction agent.
This famework can be applied to various LLMs that designed
for RTL code generation, further enhancing the correctness of
the generated code. By providing quantitative scores and human-
readable requirements comparisons, it improves the transparency
of Al-assisted RTL code generation. Experiments show that
EstCoder significantly improves the correctness of RTL code
generation by generic LLM by 3.2%-9.0%, demonstrating the
practical value of our system.

Index Terms—RTL Code Generation, Large Language Model,
Functional Estimation

I. INTRODUCTION

Large language models (LLMs) have demonstrated out-
standing performance in natural language processing (NLP)
tasks [1], enabling a wide range of applications such as text
generation [2], translation [3], and question-answering [4].
Paper [5]-[7] show that LLM can produce syntactically correct
code from natural language prompts, reducing development
time and improving productivity. This success has naturally ex-
tended interest from general-purpose programming to domain-
specific languages. In particular, the application of LLMs to
hardware description languages (HDLs), such as Verilog and
VHDL, has attracted considerable attention [8]-[11].

Currently, LLM-assisted RTL code generation primarily
involves three directions: constructing datasets for fine-tuning
[12]-[20], applying extension techniques such as Retrieval-
Augmented Generation (RAG) and Graph-Enhanced methods

This work was supported in part by the National Natural Science Foundation
of China under Grants 62372461, 62032001, 62203457, and 62406335.
(corresponding author: Lei Wang)

'Lei Wang is with Defense
mail:wangleia@qiyuanlab.com.

Innovation Institute, AMS. E-

EstCoder
Code Generation Code Fix C T
Agent Agenf Fixed Code orrector
Functional IG« T .
carus CODE| P
Evaluation Agent  Verilog Es‘hmu‘non_'_ Cor‘rec‘rrng
Info =
Esﬂmator

m

RTL RAW
SPEC CODE

“regenerate”

Fral
el CODE
ClSS

Final Code

Fig. 1: The overview of EstCoder. EstCoder operates a three-
stage paradigm of Generation, Estimation and Correction.

[21], [22], and exploring code generation and code correction
approaches [23]-[25]. Among these, research on using LLMs
to generate and fix RTL code is highly universal, as its
methods can also be integrated into the first two approaches
to further improve the correctness of RTL code. However,
the correctness verification of RTL code relies heavily on
testbenches. Manual creation of testbenches is time-consuming
and labor-intensive, while automatically generated testbenches
by LLMs may lack comprehensiveness and accuracy [26],
[27]. Therefore, most existing methods solely focus on syn-
tactic correctness. LLM-generated and LLM-fixed RTL code
often cannot be seamlessly integrated, thus are usually studied
separately [26], [28]. Furthermore, most existing code fixing
studies rely on binary pass/fail evaluation, which offers no
intermediate feedback and thus lacks fine-grained guidance
for iterative model optimization.

In this work, we introduce EstCoder, an LLM-powered
collaborative agent framework for RTL code generation based
on static functional score estimation, as shown in Figure 1.
Static functional score estimation enhances the transparency
of Al-assisted RTL code generation by providing quanti-
fied scores, offering intermediate feedback and fine-grained
guidance for code correction. By estimating code functional
correctness rather than labor-intensive testbenches, it bridges
code generation and correction. Moreover, our approach can
be applied to various LLMs designed for RTL code generation.
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II. ESTCODER METHOD

EstCoder operates a three-stage paradigm: Generation,
Estimation and Correction.

The code generation part consists of a Code Generation
Agent and a grammar checker. The RTL code specification
is fed into the code generation agent, which produces code
that is iteratively refined until it passes a syntax check. For
the errors that can be directly corrected, we summarize them
as an error reminder and attach it to the prompt of the Code
Generation Agent, guiding it to generate RTL code.

Then, the functional estimation agent performs static func-
tional score estimation, generating both a score and an assess-
ment result to judge the code quality. Inspired by the software
engineering field and reference [29], firstly, the generated RTL
code is input to the reverse requirement generator to recon-
struct requirements. A pre-trained model then scores semantic
similarity and completeness against the original requirements.
These scores are provided to the LLM Judger to derive a
comprehension score, and together they form the final VFCS
(Functional Correctness) functional score.

The VFCS score is calculated using the following formula:

Vs =0 (Stoken + Ssentence + c + LLLM) (1)

where v, represents the VFCS score. o(z) = 17%=, where w

is the coefficient of each score. Sioken €ncodes the input text at
the token level with the pre-trained language model roberta-
large. Sgentence Uses the pre-trained model all-MiniLM-L6-v2 in
the sentence Transformers library. C' extracts key nouns, verbs,
and appropriate nouns from the input, and calculates penalties
based on missing or additional keywords. C' is calculated as
the following function:

p— - L
C = max (0, 1 max (Ttotalv 1) ) . ”

where ¢ represents the penalty, calculated as the sum of
the sizes of the missing and additional but not in keyword
sets. Tyo1q; represents the total number of keywords in both
keyword sets.Lim takes original code requirements along
with the code generated by the code generator as input, and
supplements them with Sioken, Ssentence> and C'.

If the estimation indicates that the code quality is unac-
ceptably low, it is returned to the code generation agent for
regeneration; otherwise, if the estimation suggests that the
code fails but still has potential, it proceeds to the code
correction agent in the third stage, where the code is corrected
and re-estimated. The Code Correction Agent operates during
the conversation stage based on a large language model
(LLM), using the model’s reasoning ability to repair RTL code.
The entire code repair process is divided into Reasoning and
Correcting two stages. In the Reasoning stage, the LLMs are
directed to attribute the reason for not passing the functional
estimation, then the LLMs will propose a method based on
natural language to solve these errors. In the Correcting stage,
the LLMs are guided to modify the RTL code.

TABLE I: Main results

VerilogEval- | VerilogEval-
Method LLM Model vl-Human v2
(Pass@1) (Pass@1)
Qwen-Plus 62.2 583
. Qwen3-32b 45.5 513
G LLM
enene DeepSeek-Chat 73.1 65.4
GPT-40 50.6 62.2
) RTLCoder [13] 41.6 36.5
RTLfﬁ’;;'ﬁed ITERTL [32] 429 N/A
CodeV [18] 532 N/A
LLM + GPT-3.5 Turbo 46.4 44.9
RTLFixer [22] GPT-4 Turbo 65.0 65.4
Claude-3 41.6 N/A
VeriAssist [23] GPT3.5 34.4 N/A
GPT-4 50.5 N/A
OriGen [15] Deggsielﬁ'o%’:er' 54.4 N/A
AutoVCoder [17] | CodeQwenl.5-7B 48.5 N/A
Qwen-Plus 66.7 63.5
Qwen3-32b 52.6 60.3
E
stCoder(Ours) |- 1, opSeek-Chat | 76.3 70.5
GPT-40 58.3 67.3

Note: N/A denotes that evaluation on VerilogEval-v2 was not yet available
when this paper was submitted.

III. EXPERIMENT

To verify the effectiveness of the EstCoder, We adopt two
representative Verilog generation benchmarks, VerilogEval-v1-
Human dataset [30] and VerilogEval-v2 dataset [31].

We provided RTL code specification to the EstCoder and
used the testbench accompanying the dataset to verify the gen-
erated RTL code. We selected four distinct LLMs as baseline
models: Qwen-Plus, Qwen3-32b, DeepSeek-Chat, GPT-40 and
compared them with other different models and methods. We
used the pass rate (the number of tasks verified by the test
benchmark divided by the total number of code generation
tasks) as the evaluation metric.

The results of functional correctness between our method
and existing baselines are shown in Table I. Our solu-
tion in DeepSeek-Chat achieves 76.3% and 70.5% accu-
racy in pass@1 evaluations on VerilogEval-vl-Human and
VerilogEval-v2, respectively. Based on strong vanilla mod-
els such as GPT-40, our method achieved significant im-
provements of 7.7% on VerilogEval-v1-Human and 5.1% on
VerilogEval-v2.

IV. CONCLUSION

In this work, we developed an innovative framework
for generating RTL code based on LLM-Agent, signif-
icantly improving the performance of generic LLMs on
the VerilogEval dataset. Our approach is fully open-source:
https://anonymous.4open.science/t/EstCoder-X2K7/, allowing
for further experimentation and adaptation by research com-
munity.
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