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Abstract—Recent advances in large language models (LLMs)
have sparked growing interest in automatic RTL optimization for
better performance, power, and area (PPA). However, existing
methods are still far from realistic RTL optimization: their
evaluation is often unrealistic, based on manually degraded,
small-scale RTL designs and weak open-source toolchains; their
methods are also limited, relying on coarse design-level feedback
and simple pre-defined rewriting rules. To address these lim-
itations, we present Dr. RTL, an agentic framework for RTL
timing optimization in a realistic evaluation environment, with
continual self-improvement through reusable optimization skills.
We establish a realistic evaluation setting with more challenging
RTL designs and an industrial EDA workflow. Within this
setting, Dr. RTL performs closed-loop optimization through a
multi-agent framework for critical-path analysis, parallel RTL
rewriting, and tool-based evaluation. We further introduce group-
relative skill learning, which compares parallel RTL rewrites
and distills the optimization experience into an interpretable
skill library. Currently, this library contains 47 pattern–strategy
entries for cross-design reuse to improve PPA and accelerate
convergence, and it can continue evolving over time. Evaluated on
20 real-world RTL designs, Dr. RTL achieves average WNS/TNS
improvements of 21%/17% with a 6% area reduction over
the industry-leading commercial synthesis tool. The original full
paper is available at: https://arxiv.org/abs/2604.14989.

I. INTRODUCTION

Register-transfer level (RTL) design is a critical stage in
modern digital IC development, as RTL structure directly
shapes the downstream synthesis and implementation search
space. Although commercial synthesis tools perform extensive
Boolean rewriting, technology mapping, and implementation-
level optimization, they are still constrained by the original
RTL representation. Timing bottlenecks introduced at the RTL
stage can therefore survive synthesis and require manual RTL
rewriting guided by timing reports. This process is labor-
intensive, time-consuming, and heavily dependent on implicit
design expertise.

Recent large language models (LLMs) have shown promise
in RTL generation and code transformation [2]–[4], [6], [8],
[12]. However, existing LLM-based RTL optimization stud-
ies [1], [5], [7], [9]–[11] remain limited in both evaluation
realism and optimization methodology. Many prior works
evaluate on small or manually degraded RTL designs, rely on
weak open-source toolchains, and use coarse design-level PPA
feedback or predefined rewriting rules. As a result, it remains
unclear whether current AI methods can optimize realistic
human-written RTL beyond what commercial synthesis tools
already achieve.
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Fig. 1. Dr. RTL iteratively optimizes RTL PPA via closed-loop interaction
with industrial EDA tools, while distilling trajectories into reusable skills for
self-improvement.

In this work, we present Dr. RTL1, an autonomous agentic
framework for realistic RTL timing optimization through tool-
grounded self-improvement. As shown in Fig. 1, Dr. RTL
formulates RTL optimization as a closed-loop interaction
between LLM agents and industrial EDA tools. The agent
analyzes fine-grained timing feedback, proposes functionally
equivalent RTL transformations, evaluates candidates through
synthesis and sequential equivalence checking, and iteratively
promotes the best verified candidate.

This work makes three main contributions. First, we es-
tablish a realistic RTL optimization benchmark and evaluation
flow using human-written RTL designs, commercial synthesis,
and sequential equivalence checking. Second, we design a
tool-grounded multi-agent optimization framework that sepa-
rates critical-path analysis, RTL transformation, and candidate
evaluation. Third, we introduce group-relative skill learning,
which distills reusable optimization knowledge from parallel
candidate trajectories and enables continual self-improvement
without LLM fine-tuning.

II. METHODOLOGY

Dr. RTL consists of three tightly coupled components,
as summarized in Fig. 2: a realistic industrial evaluation
environment, a tool-grounded multi-agent optimization loop,
and a group-relative skill learning mechanism.

Realistic RTL optimization environment. Dr. RTL eval-
uates RTL optimization using human-written Verilog designs,
commercial synthesis, and sequential equivalence checking.
Unlike manually degraded benchmarks, this setting directly

1The original full paper is available at: https://arxiv.org/abs/2604.14989.
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Fig. 2. Proposed industrial-standard RTL optimization evaluation and overview of Dr. RTL for agentic RTL optimization.

TABLE I
COMPARISON WITH EXISTING SINGLE-SHOT LLMS AND LLM-BASED

RTL OPTIMIZATION METHODS.

Method WNS TNS Area

Single-Shot
LLM

Claude Opus -2.4% -2.8% -0.7%
GPT 5.3 -1.2% 0.3% 0.6%

SOTA
Baselines⋆

RTLRewriter [11] -4.9% -6.3% -3.1%
SymRTLo [9] -7.1% -5.7% -1.4%

Ours Dr. RTL -21.3% -16.9% -5.8%

tests whether an agent can improve already strong RTL beyond
standard synthesis optimization. The evaluation loop reports
timing, area, and correctness information, including worst
negative slack (WNS), total negative slack (TNS), area, and
sequential equivalence checking (SEC) status.

Tool-grounded multi-agent optimization. Dr. RTL uses a
multi-agent workflow to separate analysis, transformation, and
evaluation. A timing analysis agent interprets EDA feedback,
especially critical-path and register-level slack information. An
RTL optimization agent proposes multiple candidate rewrites
in parallel based on the current timing bottleneck and pre-
vious optimization experience. An evaluation agent invokes
commercial synthesis and SEC tools to measure design quality
and verify correctness. Only candidates that pass equivalence
checking are considered valid, and the best candidate is
promoted to the next iteration.

Group-relative skill learning. Dr. RTL introduces group-
relative skill learning to extract reusable knowledge from
optimization trajectories. Instead of judging each RTL trans-
formation only by its absolute PPA result, the framework
compares multiple candidates generated from the same parent
RTL under the same timing context. This relative comparison
provides cleaner feedback on which transformation strategies
are effective. Successful and failed optimization attempts
are summarized into reusable pattern–strategy knowledge,
including timing bottleneck patterns, effective transformations,
and strategies to avoid. This skill library is reused in later
optimization rounds to guide future candidate generation.

III. EXPERIMENT

We evaluate Dr. RTL on 20 realistic human-written RTL
designs covering buffers, processors, signal-processing mod-
ules, cryptographic circuits, and SoC-like systems. The designs
are optimized under a commercial synthesis flow and verified
using sequential equivalence checking. This setting is intended
to reflect practical RTL optimization, where the goal is to
improve timing while preserving functionality.

Across the 20 designs, Dr. RTL improves timing on all
designs. It achieves average WNS and TNS improvements of
21.3% and 16.9%, respectively, while reducing area by 5.8%.
Nine designs achieve Pareto improvements in both timing and
area, eight designs incur only minor area overhead below
5%, and only three designs show noticeable area increase.
The framework also maintains an average SEC pass rate of
86%, showing that the agent can explore non-trivial RTL
transformations while preserving functional correctness.

We further compare Dr. RTL against representative LLM-
based RTL optimization baselines, including single-shot
rewriting and prior iterative optimization methods using the
same backbone model. Dr. RTL achieves better WNS, TNS,
and area results, indicating that the improvement comes pri-
marily from the tool-grounded agentic workflow, fine-grained
EDA feedback, and reusable skill learning rather than from
the base LLM alone.

IV. CONCLUSION

This work presents Dr. RTL, an autonomous agentic frame-
work for realistic RTL timing optimization. By combining
LLM-based reasoning with commercial EDA feedback, par-
allel candidate exploration, sequential equivalence checking,
and group-relative skill learning, Dr. RTL moves beyond one-
shot RTL generation toward tool-grounded agentic design
automation. The results demonstrate that AI agents can im-
prove human-written RTL designs beyond standard synthesis
optimization while maintaining functional correctness. More
broadly, Dr. RTL suggests a future direction in which AI
agents interact with real EDA workflows, accumulate reusable
design knowledge, and assist designers in exploring large RTL
optimization spaces more effectively.
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