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Abstract
Large Language Models (LLMs) show promise for RTL code
generation but are limited by hallucinations and context rot
in multi-step reasoning. We present a staged, self-correcting
framework based on a Recursive Language Model (RLM)
workbench that isolates context and decomposes generation
into structured phases (Plan→ Contract→ Code→ Verify).
Our approach combines zero-footprint orchestration with
uncertainty-driven gating and spec-aware verification to
trigger targeted correction only when needed. Evaluated on
Verilog-Eval [7], our method achieves 83.2 pass@1 and 88.6
pass@5 with Claude Haiku 4.5, outperforming monolithic
and prior agentic approaches. These results highlight the
importance of controlled context and structured verification
for reliable RTL generation.

1 Introduction
The automatic generation of Register Transfer Level (RTL)
code using Large Language Models (LLMs) is an increasingly
active research area, driven by the promise of accelerating
hardware design workflows. However, generating correct
RTL remains fundamentally challenging. Hardware descrip-
tion languages such as Verilog encode concurrency, timing
semantics, and structural constraints that differ significantly
from sequential programming paradigms [14]. Correct syn-
thesis, therefore, requires globally consistent decisions across
long specifications, where small local errors can produce
functionally incorrect circuits despite syntactic validity.
A central limitation of current LLM-based approaches is

hallucination, which leads to both syntactic errors and subtle
logical design flaws. Two key factors exacerbate these fail-
ures. First, the availability of high-quality, human-written
RTL datasets is limited, forcing many approaches to rely on
synthetic or AI-generated benchmarks for training and eval-
uation [12]. Second, modern generation strategies, including
retrieval-augmented generation (RAG) [6], chain-of-thought
(CoT) [15], and agentic pipelines, depend on increasingly
long and complex contexts. While these methods improve
reasoning, they introduce context rot, where irrelevant, re-
dundant, or noisy intermediate information accumulates and
degrades generation quality over time, intensifying halluci-
nations [16].
Existing mitigation strategies, such as context pruning

or summarization, are inherently lossy and do not fully ad-
dress the underlying issue with context rot [17]. As a result,

,

current systems struggle to maintain consistency and cor-
rectness across multi-step reasoning processes, particularly
in long-horizon tasks such as RTL synthesis. This creates
a fundamental reliability limitation to the effectiveness of
LLMs in hardware design.

In this work, we present a staged, self-correcting agentic
generation framework for Verilog synthesis. Our approach
separates planning, specification formalization, code genera-
tion, and verification into distinct phases, while triggering
recursive refinement only when the model detects high un-
certainty. We introduce a zero-footprint orchestration design
that prevents context accumulation at the root level, a cali-
brated uncertainty mechanism that triggers correction, and a
spec-aware self-verifier that detects semantic inconsistencies
in the generation phases. We evaluate our system on Verilog
synthesis benchmarks using a lightweight worker model,
demonstrating that structured verification and controlled
context usage outperform monolithic generation.

Contributions. Our main contributions are as follows:

• Zero-Footprint Workbench Architecture. We de-
sign a Recursive Language Model (RLM) [17] gen-
eration framework in which the root agent never
observes raw Verilog code or full specifications. In-
stead, all detailed artifacts are confined to a persistent
REPL environment accessed only by worker LLM calls,
while the orchestrator operates on compact metadata
(e.g., interface summaries, confidence scores, uncer-
tainty signals). This mitigates context rot.

• Self-Reflective Retrieval-Augmented Correction.
We combine self-reflection [2] with RAG [6] and spec-
aware verification to detect and correct hallucinations
and inconsistencies in planning and code generation.

• Staged Pipeline with Gated Recursive Correction.
We implement a structured pipeline (Plan→ Contract
→ Code → Verify) with conditioned self-verification
activated only under uncertainty escalation. This com-
bines the efficiency of staged generation with the flex-
ibility of recursive refinement, avoiding uncontrolled
context growth.

2 Related Work
2.1 Fine-Tuning
Fine-tuning adapts LLMs to RTL generation by training on
paired natural language specifications and ground-truth Ver-
ilog code, enabling the model to learn hardware-specific
syntax and structural reasoning. Prior work explores various
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strategies, including instruction tuning and reinforcement
learning. For example, BetterV [10] introduces a generative
discriminator to guide optimization objectives, RTLCoder
[8] incorporates syntax-aware rewards through compiler
feedback, and CodeV-R1 [8] leverages reinforcement learn-
ing with verifiable rewards and synthetic round-trip data
generation. Despite these advances, fine-tuning approaches
remain constrained by the limited availability of high-quality
human-written RTL datasets [12] and the inability to fine-
tune closed-source frontier models. Moreover, these models
still exhibit hallucinations and lack reliable mechanisms for
enforcing semantic correctness during inference. In contrast,
our approach avoids reliance on fine-tuning altogether by
introducing a verification-driven generation framework that
detects and corrects uncertainties at inference time.

2.2 Retrieval-Augmented Generation (RAG)
RAG enhances RTL synthesis by incorporating external knowl-
edge. Typically, this involves retrieving similar designs or ref-
erence implementations to guide generation. Systems such
as VeriRAG [11] use structure-aware retrieval by encoding
Verilog designs into intermediate embedding representations
to capture hardware topology, while DeepV [5] uses dynamic
sampling strategies to select relevant examples. These meth-
ods improve performance on specialized tasks such as design-
for-test (DFT) by grounding generation in prior validated
designs. However, RAG pipelines introduce significant over-
head, requiring large curated databases and high-quality
retrieval mechanisms, while often inflating the input context
with lengthy code examples. This leads to token budget con-
straints, context truncation, and context rot. Our approach
differs by using targeted retrieval only within a self-reflective
correction loop, avoiding context bloat while still leveraging
retrieval for precise error correction.

2.3 Agentic Frameworks
Agentic approaches decompose RTL generation into multiple
interacting components, typically assigning specialized roles
to different LLM instances. For example, VeriMind [9] uses a
multi-agent architecture with dedicated agents for prompt-
ing, code generation, testbench generation, and verification,
coordinated by a supervisor through iterative refinement
cycles. Similarly, AutoChip [13] integrates LLMs with sim-
ulation tools, using compiler and simulation feedback to
iteratively correct errors. While these systems demonstrate
some of the best improvements to correctness through feed-
back loops, they often incur high computational cost due to
repeated iterations and rely heavily on external verification
tools, which can limit scalability and responsiveness. Ad-
ditionally, feedback is typically reactive, addressing errors
only after they manifest in generated code. In contrast, our
framework proactively uses estimated uncertainty and spec-
aware verification to trigger targeted correction, reducing
unnecessary iterations and improving efficiency.

Figure 1. Overview of the RLM [17] architecture.

2.4 Pipeline Frameworks
Pipelined approaches using Chain-of-Thought (CoT) improve
RTL generation by decomposing tasks into intermediate
reasoning steps that mirror hardware design workflows.
Paradigm-based methods [12] classify problems into design
categories such as sequential (SEQU), combinational (COMB),
and behavioral (BEHAV), guiding the model to generate
structured representations such as state machines or truth
tables, depending on the design, before synthesizing any
code. Extensions such as Chain-of-Descriptions (CoDes) [14]
further improve alignment by requiring natural language
descriptions prior to code generation, reducing syntax er-
rors and improving synthesizability. While these methods
enhance reasoning and structure, they significantly increase
prompt length and introduce verbose intermediate repre-
sentations, which contribute to context growth which leads
to context rot in long-horizon tasks. Our approach differs
by preserving structured reasoning within isolated execu-
tion contexts, preventing intermediate representations from
polluting the global context.

3 Methodology
3.1 Recursive Language Model Workbench
We build our system on a RLM [17] workbench architec-
ture shown in fig. 1 that prevents context rot by isolating
generation artifacts from the orchestrator. The orchestra-
tor agent never directly observes raw Verilog code or full
specifications; instead, all artifacts are confined to a persis-
tent execution environment. At the core is a persistent REPL
workbench, implemented as a Python process that maintains
a shared state dictionary across calls. This workbench stores
all intermediate artifacts (e.g., plans, code, outputs, parsing)
and is the only component that invokes worker LLM agents.
The orchestrator interacts with the workbench through con-
trolled execution calls and receives only compact metadata
summaries in addition to self-reflective confidence scores
and uncertainty signals [2]. These signals are used to en-
able reliable and dynamic control flow to produce a robust

2
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gates that determine whether outputs at any given phase
are accepted or to be refined. In this way, the orchestrator
never accumulates intermediate reasoning or code, eliminat-
ing context growth and mitigating context rot at the root
level.

The systemmaintains two distinct contexts that are loaded
once into the workbench. The system context contains role-
level instructions for RTL generation and is prepended to
all worker calls, while the prompt context contains the hard-
ware specification and is injected only when required during
code generation. The specification itself is lazily loaded inside
the REPL and is never directly accessible to the orchestrator
agent.
All interactions with the worker models occur through

two primitive operations provided by the workbench. The
first, sub_llm, executes a single model call and stores both
the generated artifact and structured diagnostic metadata.
The second, generate_rtl, performs Verilog synthesis us-
ing the specification context. Each call produces a standard-
ized output consisting of a structured summary (confidence
score and uncertainties) and the generated artifact.

4 Staged Generation Pipeline
We decompose RTL synthesis into five sequential phases:
Plan, Contract, Code Generation, Static Verification, and Port
Verification. Each phase in fig. 2 transforms the representa-
tion of the specification while preserving explicit uncertainty
signals that control progression and correction.

Planning. The Plan phase produces a high-level struc-
tural interpretation of the specification without committing
to RTL. It outputs a structured summary containing the cir-
cuit paradigm (e.g., combinational, sequential, FSM), inter-
face definition, and key behavioral properties, alongside a
verbose plan retained in the workbench. A key feature of
this phase is an internal adversarial ambiguity check, where
the model evaluates whether any specification clause within
the plan is ambiguous, inconsistent or logically incorrect.
Identified uncertainties are explicitly recorded and passed
downstream for correction.

Contract Construction. The Contract phase converts
the high-level plan into a structured behavioral specifica-
tion suitable for the synthesis of one module. This includes
explicit interface definitions, Boolean equations, transition
tables, and design constraints (e.g., clocking, reset behavior).
The contract serves as a bridge between natural language
reasoning and formal RTL representation. By separating this
phase from planning, we decompose the design into sim-
pler individual modules. Similar to the planning phase, the
contract comes with an uncertainty score and a list of new
uncertainties.

Code Generation. The Code Generation phase synthesizes
Verilog from the contract while maintaining consistency

Figure 2. Structured pipeline (Plan → Contract → Code →
Verify) with conditioned self-verification resolution activated
only under uncertainty escalation.

with the original specification. The specification remains
the authoritative source, and any detected inconsistency
between the contract and the specification is surfaced as
an uncertainty rather than implicitly resolved. The gener-
ated module follows strict conventions (e.g., deterministic
module naming, explicit handling of state and timing seman-
tics) and is required to implement all specified equations
and constraints from the contract without simplification or
omission. Once again, the code generation phase provides
the workbench with an uncertainty score and a list of new
uncertainties.

Static Verification. The Static Verification phase performs
a deterministic compilation and elaboration check using a

3
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lightweight toolchain (i.e., iverilog). This step detects syn-
tactic and structural errors such as type mismatches, missing
constructs, or invalid sensitivity lists. Simple errors may be
corrected through minimal inline transformations by the
root agent, while more complex failures trigger a new code
generation cycle. This phase provides a fast and reliable
correctness filter without requiring full simulation.

Port Verification. The Port Verification phase is a final
guardrail that ensures consistency between the generated
module interface and the planned specification. It extracts
declared ports from the generated code and compares them
against the expected interface defined in the planning phase.
Anymismatch triggers a correction step, ensuring that interface-
level inconsistencies are resolved before final acceptance.

Self-Verification andCorrection. Across all gated phases
(Plan, Contract and Code Generation), we apply a unified
self-verification mechanism based on calibrated uncertainty.
Outputs from phases are accepted only when confidence is
high, and no unresolved uncertainties remain; otherwise, the
system triggers a bounded recursive correction loop. This
loop combines targeted retrieval with RAG, regeneration,
and spec-aware verification to resolve ambiguities and er-
rors. Retrievals are included in the regeneration only if they
are considered relevant and useful. Crucially, verification is
performed directly against the original specification rather
than prior outputs, enabling detection of systematic seman-
tic errors that persist across iterations. This design provides
a lightweight alternative to simulation-based feedback while
maintaining strong guarantees of consistency and correct-
ness.

5 Experiments
In this paper, we evaluate our framework against a zero-
shot baseline. The orchestrator is implemented using Claude
Sonnet 4.6, while all worker calls use a lightweight model,
Claude Haiku 4.5. As a baseline, we implement a CoT
pipeline using only the Haiku model and a single prompt
where it is asked to plan and generate the code within the
same context.

Benchmark. We evaluate on the human subset of Verilog-
Eval [7], consisting of 156 problems. Each problem provides a
natural language hardware specification, a reference Verilog
implementation, and an executable testbench. The bench-
mark includes a diverse set of RTL tasks, including combina-
tional logic (e.g., K-maps), arithmetic modules, filters, and
both Mealy and Moore state machines.
During the evaluation, we perform 𝑘 = 5 runs for each

problem and report both pass@1 and pass@5 metrics. All
generated designs are validated using the provided test-
benches, and a solution is considered correct only if it passes
all test cases.

Table 1. Performance comparison on Verilog-Eval [7] (hu-
man subset).

Method Model Pass@1 Pass@5

CoT (Ours) Haiku 4.5 69.9 74.6
RLM (Ours) Haiku 4.5 83.2 88.6

VeriMind [9] Claude 3.5 Sonnet 56.4 63.5
VeriMind [9] PyraNet-DeepSeek 58.3 67.9
RTLCoder [8] DeepSeek 41.6 50.1
CodeV-R1-7B [18] Qwen2.5-Coder-7B 68.8 78.2
Paradigm [12] GPT-4o-mini 68.2 72.8
DeepV [5] GPT-5 Chat 76.9 81.3
DeepV [5] Claude Sonnet 4 75.6 80.6

Retrieval Dataset. For retrieval-augmented correction,
we use VerilogDB [3], a dataset containing over 20k Ver-
ilog modules paired with natural language descriptions. Re-
trieved examples are used selectivelywithin the self-verification
loop, based on the description field only, to resolve uncer-
tainties and improve generation quality, rather than being
injected into the main generation context.

Metrics. We use the standard pass@k metric [4] to evalu-
ate functional correctness. Let 𝑛 be the number of generated
samples and 𝑐 the number of correct solutions among them.
The pass@k metric estimates the probability that at least
one of 𝑘 sampled solutions is correct, and is defined as:

pass@k = 1 −
(
𝑛−𝑐
𝑘

)(
𝑛
𝑘

)
Intuitively, pass@1 measures the accuracy rate of a single

generation attempt, while pass@5 captures the model’s abil-
ity to produce at least one correct solution across multiple
attempts.

Compilation Setup. We use Icarus Verilog (iverilog)
version 11 for static compilation of generated designs. All
code is compiled with the -g2012 flag to enable SystemVer-
ilog (IEEE 1800-2012) support, ensuring compatibility with
modern constructs such as always_ff, always_comb, and
logic.

6 Results
As shown in Table 1, our approach achieves the strongest per-
formance among methods using comparable or smaller mod-
els. The CoT baseline using Haiku 4.5 achieves 69.9 pass@1,
but by incorporating our framework (RLM + RAG), there is
significant performance improvement to 83.2 pass@1 and
88.6 pass@5, outperforming all compared methods, includ-
ing those using larger frontier models. This corresponds to
an improvement of +13.3 pass@1 and +14.0 pass@5 over our
baseline.

4



441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

Recursive Language Models for RTL Code Generation , ,

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

A breakdown of failures at pass@1 shows that 12.9% are
due to faulty logic and 1.9% are compiler errors, with the
remaining cases caused by simulation timeouts or failure
to generate valid code. This indicates that most remaining
errors are semantic rather than syntactic, suggesting that
structural correctness is largely enforced by the framework.
These results indicate that structured generation com-

bined with uncertainty-driven correction can outperform
larger monolithic models. Furthermore, the division of tasks
into specialized sub-agents, combined with strict separation
of context across phases, reduces the risk of context rot
while maintaining strong performance. In contrast, existing
approaches, including CoT, RAG, and agentic frameworks,
rely on accumulating context across reasoning steps, making
them susceptible to context rot as intermediate represen-
tations grow. Our design demonstrates the effectiveness of
RLM frameworks for RTL code generation.

7 Discussion
Despite strong performance gains, our approach has several
limitations. First, the framework relies onmodel-reported un-
certainty for gating decisions, which in many instances was
shows to be overconfident. In practice, we observe that some
hallucinations persist due to ambiguous or underspecified
prompts, where the model incorrectly assumes a valid inter-
pretation and reports high confidence. While the framework
improves structural consistency and reduces paradigm shifts
compared to the CoT baseline, it does not fully eliminate
semantic errors arising from ambiguous specifications.
Second, the performance of the framework is not fully

model-agnostic. Results depend on the underlying LLM, and
behaviors such as uncertainty calibration and reasoning qual-
ity vary across models. In particular, we observe that the
Haiku model used in our experiments tends to "overthink"
intermediate steps, which can introduce unnecessary com-
plexity and affect generation stability [1]. This suggests that
part of the observed performance is tied to model-specific
characteristics rather than solely to the framework design.
We expect that stronger frontier models could further im-
prove results.
Third, the retrieval component remains inefficient. The

current RAGmechanism relies on keyword-based queries de-
rived from uncertainties and structural descriptors, which do
not fully capture the semantic behavior of hardware designs.
As a result, retrieved examples may be only loosely relevant,
limiting their effectiveness in resolving deeper logical errors.
Finally, the framework introduces additional computational
overhead. The staged pipeline, combined with gated cor-
rection and retrieval, increases the number of model calls
compared to monolithic generation, leading to higher infer-
ence cost.

Future work should focus on improving semantic correct-
ness beyond retrieval-based augmentation. One promising

direction is the integration of testbench generation and exe-
cution, similar to VeriMind’s feeback system [9], enabling
direct functional verification of generated designs. This could
provide stronger feedback signals than uncertainty estima-
tion alone and help resolve subtle logical errors. Additionally,
more expressive retrieval mechanisms that capture structural
and behavioral semantics of RTL code could improve the
effectiveness of the correction loop. However, our results
suggest diminishing returns from naive RAG, and further
ablation studies are needed to isolate its true contribution
within the framework.

8 Artifact Availability
The artifacts for this paper, including source code, evaluation
scripts, and experimental configurations, are available at:
https://github.com/PersoSirEduard/rtl-code-gen-with-rlm

9 Conclusions
We present a staged, self-correcting framework for RTL code
generation that addresses two key related limitations of LLM-
based systems: hallucinations and context rot. By combining
zero-footprint orchestration, structured pipeline decompo-
sition, and uncertainty-driven correction, our approach re-
duces error propagation while maintaining efficient context
usage. Experiments on Verilog-Eval [7] show significant im-
provements over a CoT baseline and prior work, even when
using a lightweight model. These results primarily highlight
the importance of controlled context and structured verifi-
cation and generation for reliable hardware synthesis with
LLMs.
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