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Abstract
While Large Language Models (LLMs) have
shown promise in translating natural-language
specifications to Register-Transfer Level (RTL) de-
signs, they often fail on complex, port-rich IPs.
Existing frameworks typically separate generation
from debugging, relying on static decomposition
and iterative repair, which is hard to verify and
yields unstable, inefficient maintenance. In this
work, we propose VPID, a multi-agent frame-
work for generating complex Verilog that achieves
monotonic functional improvement. Given RTL’s
inherent concurrency and the alignment between
verification and port-level behavior, our key insight
is to treat ports as verifiable boundaries for dy-
namic decomposition, enabling fine-grained analy-
sis to pinpoint root causes and guide targeted de-
bugging. Specifically, we implement a behavior
locking mechanism that preserves the behavior of
verified ports to ensure monotonicity, preventing
regressions in correct functionalities. To accelerate
convergence, we introduce an experience-guided
refinement strategy that distills historical waveform
mismatches into constraints, guiding the targeted
debugging for the unverified ports. Together with
precise Abstract Syntax Tree (AST)-based code ex-
traction, these mechanisms enable an efficient in-
cremental generation workflow. Experiments on
REALBENCH demonstrate that VPID outperforms
both one-pass general-purpose LLMs and existing
agent-based frameworks in both syntax and func-
tional correctness, presenting a robust approach for
automating Verilog generation for complex RTL
designs.

1 Introduction
Register-Transfer Level (RTL) code generation is a funda-
mental yet labor-intensive stage in digital hardware design,
requiring engineers to translate complex specifications into
large volumes of hardware description language (HDL) code.
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Figure 1: (a) Heuristic decomposition can fail on subtasks. (b)
VPID iteratively decomposes the generation task to focus exclu-
sively on remaining unverified ports while preserving previously
verified behaviors, ensuring monotonic functional completion. (c)
Logical locality and verifiability of ports.

Recent advances in large language models (LLMs) have mo-
tivated growing interest in automating this process through
general-purpose models [Hui et al., 2024; Team, 2025] or
post-training domain-specialized models [Zhao et al., 2025a;
Zhu et al., 2025]. Despite promising results on academic
benchmarks [Liu et al., 2023; Lu et al., 2024], the LLM-
based one-pass generators face significant challenges when
applied to complex IP-level designs, which are characterized
by long specifications, large multi-port interfaces with strict
protocol constraints, and tightly coupled control and datapath
logic.
The recent emergent agent-based frameworks are promis-

ing to mitigate the brittleness of one-pass generation. These
frameworks [Zhao et al., 2024; Ho et al., 2025] typically de-
compose specifications into simpler subtasks, generate imple-
mentations independently, and refine the integrated result us-
ing testbench feedback. However, such approaches often rely
on heuristic task decompositions, which are not directly ver-
ifiable. Verification ultimately evaluates only the functional
behavior of the final RTL rather than the correctness of these
decomposed subgoals. When a static decomposition is inac-
curate, subsequent refinement lacks a principled mechanism
to localize, invalidate, or revise it, which can lead to inef-
ficient backtracking or systematic failure modes. Moreover,
even plausible decompositions may misalign with the genera-
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tor’s practical implementation capacity, over-allocating effort
to trivial or unrealizable subtasks while leaving verification-
critical behaviors insufficiently addressed. These observa-
tions raise a fundamental question: can the decomposition
process be grounded in verifiable evidence, rather than rely-
ing on heuristic or rigid priors?
In fact, RTL design exhibits a natural port-level locality

and verifiability, providing a principled answer to this ques-
tion. Each output port is driven by a specific fan-in logic
cone, and verification environments already assess correct-
ness independently at the port level. As a result, port-level
verification status constitutes a semantically faithful unit of
progress rather than a heuristic signal. This property allows
specification-to-RTL (spec-to-RTL) generation to be refor-
mulated from a binary success-or-failure outcome into a state-
ful process of partial correctness, in which behaviors of some
ports are verified while others remain unresolved. By explic-
itly representing progress at the port granularity, generation
can advance in fine-grained, verifiable steps, offering a con-
crete alternative to static heuristic decomposition.
Motivated by this port-centric perspective, we introduce

VPID, an agent-based spec-to-RTL framework that formu-
lates RTL generation as a port-behavior-driven, iterative de-
composition process. Rather than relying on a static decom-
position, VPID dynamically induces decomposition bound-
aries according to port-level verification outcomes. At each
iteration, verified behaviors are preserved while incremen-
tal generation focuses exclusively on the remaining unveri-
fied ports. Specifically, VPID couples two primary mecha-
nisms that convert verification feedback into cumulative func-
tional gains to operationalize this progression. First, behavior
locking incrementally merges newly verified behaviors into a
globally evolving skeleton, while keeping the behaviors of
previously verified ports unchanged across iterations. Sec-
ond, experience-guided refinement distills past failures into
targeted hypotheses and constraints for subsequent steps, fo-
cusing debugging and regeneration on the remaining ports
to accelerate convergence toward a valid design. Conse-
quently, decomposition is aligned with verification, and de-
bugging becomes a non-regressive refinement process con-
strained by previously verified behaviors and guided by ob-
served failures. By exploiting the generator’s effective capa-
bility, namely the subset of the remaining unverified ports it
can correctly implement within each iteration, VPID facili-
tates monotonic functional convergence. Collectively, these
mechanisms yield a non-regressive workflow that monotoni-
cally expands the verified port set, dynamically shaping the
decomposition through port-level verification feedback, as
shown in Figure 1(b).
Experiments on complex spec-to-RTL generation tasks

demonstrate that VPID achieves new state-of-the-art results
on REALBENCH and a selected subset of CVDP [Jin et al.,
2025; Pinckney et al., 2025]. Specifically, with Claude-
3.7 as the backbone, VPID achieves a 48.3% functional
Pass@1, outperforming the representative multi-agent base-
line MAGE [Zhao et al., 2024] and general-purpose LLMs by
over 2→, which achieve 21.7% and 20.0% respectively. This
advantage is robust across different backbone models, such
as Qwen-Coder, and extends to designs of varying complex-

ity. On the CVDP cid003 task, VPID attains a 62.8% pass
rate compared to 44.9% for MAGE and 48.0% for Claude-
3.7-thinking. We attribute these gains to our shift from static
decomposition to verification-grounded dynamic decomposi-
tion. Through port-wise constraint enforcement using behav-
ior locking and waveform analysis, VPID ensures that ver-
ified functionality accumulates monotonically, thereby im-
proving functional correctness in complex RTL generation.

2 Related Work
2.1 Training-based RTL Code Generation
Training-based spec-to-RTL research typically treats exe-
cutable verification as the primary target. Models are trained
and evaluated by whether the generated RTL is compil-
able, synthesizable, and functionally correct under simula-
tion. With increasingly standardized benchmarks and auto-
mated compile and simulate pipelines, pass@k has become
a widely used metric for quantifying generation capabil-
ity [Chen et al., 2021; Liu et al., 2023; Pinckney et al., 2024;
Lu et al., 2024; Liu et al., 2024]. Under this setting, super-
vised fine-tuning stands as the dominant approach for trans-
ferring RTL-specific knowledge. Contemporary improve-
ments focus on refined data and training strategies, includ-
ing multi-stage, multi-task training and curriculum learn-
ing to better align high-level specifications with low-level
hardware semantics [Gao et al., 2024; Zhang et al., 2024;
Liu et al., 2025]. Recently, reinforcement learning has been
explored to further improve reasoning and code generation
by using compiler- and simulator-derived feedback as re-
wards, aiming to reduce dependence on static, dataset-only
supervision [Zhu et al., 2025; Qin et al., 2025; Teng et al.,
2025]. Nevertheless, empirical results on IP-level bench-
marks suggest a persistent gap when scaling from standard
tasks to designs with long specifications and high coupling:
even leading open-source large language models often strug-
gle to meet stringent verification requirements without addi-
tional systematic engineering support, indicating the limits
of relying on parameter optimization alone for industry-scale
complexity [Jin et al., 2025].

2.2 Agent-based Frameworks
Beyond model fine-tuning, agent-based methods advance
RTL generation from one-pass generation to coupling task
decomposition and debugging loops. To tackle long speci-
fications and complex designs, decomposition strategies are
widely adopted. VERILOGCODER [Ho et al., 2025] proposes
a planning mechanism based on a Task and Circuit Rela-
tion Graph (TCRG), decomposing designs into subtasks with
specific signal details. While effective for local context re-
trieval, its performance is sensitive to the quality of specifi-
cation and the precision of relation extraction. SPEC2RTL-
AGENT [Yu et al., 2025] processes complex multi-modal
specifications via section-by-section summarization and hi-
erarchical decomposition, decomposing the specification into
an information dictionary and a list of sub-functions. It also
employs an adaptive reflection module for automated error
tracing, while allowing for human intervention as a fallback
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in terms of unresolved failures. A similar top-down de-
composition system [Chao et al., 2025] employs hierarchi-
cal planning and decoupled verification. However, the recur-
sive verification and upward backtracking mechanisms can
introduce significant latency and token overhead, potentially
limiting scalability for complex IP designs. Since decom-
position and merging do not guarantee functionally correct
RTL, frameworks often utilize verification feedback to guide
iterative code refinement. MAGE [Zhao et al., 2024] lever-
ages state checkpoints to drive debugging, refining code glob-
ally from expected–actual output mismatches. However, it
does not separate trusted logic from editable assignments,
so the refinement process does not guarantee monotonic im-
provement in functional correctness. Furthermore, Abstract
Syntax Tree (AST)-based analysis can be used to achieve
lightweight fault localization, as demonstrated in VERILOG-
CODER. However, autonomously selecting logic-cone back-
tracking depth can require many tool-invocation iterations on
complex RTL. Explicit diagnosis and error attribution remain
underexplored. Additionally, other reliability enhancement
strategies operate at the role level via competitive agents, the
tool level through progressive feedback, and the sample level
by optimizing search and self-consistency [Mi et al., 2025;
Narayanan et al., 2025; Zhao et al., 2025c; Zhao et al.,
2025b]. These methods trade high computational cost for
performance, and may still fail when the backbone model is
fundamentally incapable of solving the task.
Even with these advances, a critical bottleneck is com-

mitting too early to the initial decomposition. Such prema-
ture lock-in (i) places heavy demands on planning quality
and global consistency across subtasks, (ii) often produces
non-executable intermediate representations that cannot be
directly validated by the testbench at fine granularity, and (iii)
frequently induces a misalignment between planned subtasks
and the code generator’s effective capability. Once the ini-
tial plan diverges from the intended circuit semantics, errors
can cascade across iterations, especially in tightly coupled,
IP-level designs.

3 Problem Formulation
Input. We are given a natural-language specification S and
a verification environment V for a target RTL module.
Output. We aim to generate an RTL implementation Rω

that satisfies S under the environment V .
Verification. We use P to denote the set of output ports im-
plied by S and verified by V . We define a port-aligned veri-
fierVer(·;V ) that evaluates any candidate RTLR and returns
a binary vector v(R) = Ver(R;V ) ↑ {0, 1}|P|. For each
p ↑ P , vp(R) = 1 indicates that the behavior of port p is ver-
ified by V , and vp(R) = 0 otherwise. If R is not simulatable
under V , we set v(R) = 0. We define the verified port set as
Pver(R) = {p ↑ P | vp(R) = 1} and the remaining port set
as Prem(R) = P \ Pver(R).
Objective. Our objective is to obtainRω such that v(Rω) =
1. We maintain an evolving skeleton R̃0, R̃1, . . . , R̃T and,
at iteration t, incrementally complete logic for the remaining
ports Prem(R̃t→1) without changing the behaviors of ports in

Pver(R̃t→1). Port-wise non-regression is enforced by requir-
ing Pver(R̃t→1) ↓ Pver(R̃t). Therefore, the verified port set
expands monotonically. The generation is deemed successful
when Pver(R̃T ) = P and Rω = R̃T is returned.

4 Methodology
We propose VPID, a port-wise multi-agent framework for
complex RTL generation that replaces heuristic decompo-
sition with verification-grounded dynamic decomposition,
turning the spec-to-RTL task into an iterative process that
monotonically expands the verified port set. At iteration
t, VPID focuses on Prem(R̃t→1) and performs incremental
functional completion. It then generates and merges port-
related RTL fragments into an evolving skeleton R̃t. Be-
havior locking is applied during generation and merging to
prevent regressions on behaviors of Pver(R̃t→1), which guar-
antees monotonicity. To better leverage candidate RTL sam-
ples, VPID uses self-consistency comparison to filter candi-
dates and AST-based analysis to extract reusable fragments,
at both the sample level and the port level. In experience-
guided refinement, a waveform diagnosis agent distills previ-
ous failures into port-specific constraints to guide subsequent
generation.

4.1 Port-Verified Dynamic Decomposition
As formalized in Section 3, VPID measures progress in com-
plex RTL generation via a monotonically expanding set of
verified ports. In contrast to static heuristic decomposi-
tions, VPID performs feedback-guided decomposition, dy-
namically partitioning ports according to verification results.
In other words, each iteration aims to implement the func-
tionality of the remaining unverified ports while preserving
the behaviors of Pver(R), thereby reducing Prem(R). This
converts the original generation objective into an incremental,
more tractable procedure of completing local port function-
alities, driven by the interaction between LLM’s generation
capability and verification feedback.
To freeze the behavior of verified ports, we maintain an

intermediate skeleton code R̃t that drives Pver(R̃t), leverag-
ing the high semantic density of the code to represent the at-
tained progress. The full port set P is produced by the pre-
processor, which generates a module header H from S and
uses an LLM-based self-check to verify that the preprocess-
ing directives are satisfied and that the port declarations in
H are complete, direction-correct, and type-consistent. An
initial sampling-and-verification pass samples Verilog candi-
dates and computes the verified set Pver(R̃0) from their ver-
ification results, with the remainder forming Prem(R̃0). The
extracted fragments then initialize the skeleton R̃0.
Moreover, we leverage dataflow properties of RTL and as-

sociate each port with its corresponding fan-in logic cone
Cone(p), making port-wise decomposition feasible. The
logic cone is defined as the set of all signals required to deter-
mine the driving logic of a specific port, enabling fine-grained
tracing across ports, internal variables, and module instances.
In principle, iterative generation is confined to edits within
Cone(Prem) to complete the functionality of unverified ports,
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Figure 2: The framework overview of VPID, including (a) the iterative workflow, and (b) multi-agent roles of LLMs.

while avoiding disturbing already verified ports. We align
the dataflow graph with its corresponding AST to ground this
process at the statement level, supporting the extraction of
a minimal, self-contained code fragment Cp for each port,
where Cp contains all statements necessary to drive port p.
This also includes all relevant control paths, signal declara-
tions, and structural blocks. The logic cones of verified ports
can guide incremental code integration, whereas those of un-
verified ports localize failing logic and facilitate the analysis
for subsequent iterations.

4.2 Code Generation and Behavior Locking
At the t-th iteration, given the natural-language specification
and the current skeleton code R̃t→1, we prompt the genera-
tor agent to incrementally implement Prem(R̃t→1) while pre-
serving the behavior of Pver(R̃t→1). The generator agent
samples diverse candidates and performs port-level verifica-
tion, greedily identifying the newly verified port set Ut ↓

Prem(R̃t→1). For each p ↑ Ut, we extract the corresponding
code fragment Cp, and merge {Cp | p ↑ Ut} into the skeleton
to update R̃t.
The code generation process enforces compilability and

preserves port-level behavioral consistency in a feedback-in-
the-loop procedure, implemented via two executable gates: a
compilation gate and a behavior gate. The compilation gate
first checks whether a Verilog candidate can be compiled.
If compilation fails, we append the compiler logs with the
syntax-error code to the next prompt to guide syntax correc-
tion, forming a dynamic prompt that improves syntactic cor-
rectness. Verilator is employed for this validation, offering

configurable tolerance for minor issues such as intermediate
logical incompleteness and bit-width mismatches, while ef-
fectively pinpointing critical errors like multiple drivers and
combinational loops. Regarding R̃t→1 as reference, the be-
havior gate performs port-level waveform alignment under
identical random stimuli, augmented with occasional reset
perturbations. In particular, the behavior gate filters out any
candidate failing to match the output of Pver(R̃t→1). Behav-
ioral locking requires only I/O equivalence. As a result, the
process is insensitive to differences in internal structures or
datapath signals, which increases flexibility during incremen-
tal generation and helps avoid deadlock. Mismatches trigger
the construction of a dynamic prompt to guide the model’s
self-correction by incorporating the offending code regions
and the dynamically constructed corrective instructions. To
keep the prompt length from growing across loops, we always
retain only the last failing implementation and its associated
instructions. This setting is based on the assumption that the
iterative loop has successfully resolved syntactic issues and
fixed specific behavioral patterns over time. Instead of bur-
dening the context with past failures, this approach utilizes
the current refined state to guide the model, effectively reduc-
ing the difficulty of future tasks. This mechanism elevates
non-regression of verified behaviors from a heuristic prefer-
ence to an executable and verifiable hard constraint, guaran-
teeing the monotonicity of the iterative process.

Merging is also implemented with a coder agent that takes
R̃t→1 and the fragments sliced from the union of Cone(Ut),
producing R̃t. During merging, the behavior gate is partic-
ularly helpful for resolving issues such as multi-driver con-
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Figure 3: Workflow of the Waveform Diagnosis Agent utilizing
Experience Buffer and waveform table evidence to generate port-
specific constraints for subsequent Verilog generation.

flicts and naming ambiguities. It works alongside compila-
tion feedback to localize the conflict points and trigger con-
strained regeneration with rich context. A merged result is
accepted only if it satisfies both compilability and behavioral
consistency, ensuring Pver(R̃t→1) ↓ Pver(R̃t). Finally, AST-
based fragment extraction confines the merging context to a
minimal closure, which helps control prompt length and pre-
vents irrelevant or erroneous logic from introducing noise.

4.3 Experience-Guided Refinement
While port-level decomposition simplifies the global objec-
tive into a local optimization over Prem, a naive generate-
verify loop remains inefficient. Port-level failures may stem
not only from implementation bugs, but also from incom-
plete or ambiguous specifications. In such cases, decompo-
sition merely localizes the failing ports but offers no insight
into root causes or actionable repairs. Moreover, strict behav-
ior locking narrows the search space, making unguided re-
generation repeatedly sample similar errors. To address this,
we propose experience-guided refinement that extracts diag-
nostic features from verification logs and waveforms, turning
failures into actionable debugging guidance.
Experience Buffer. Extending our analysis to failing ports,
we maintain a global, port-indexed experience buffer E to
store failure experiences. For each failing port p ↑ Prem,
we collect its corresponding code slice and waveform trace,
and serialize the trace into a textual table that records the ap-
plied stimuli, expected versus observed port values, and rele-
vant internal dataflow signals, over a bounded time window.
Here, we further exploit the behavior gate mechanism de-
scribed in subsection 4.2 to manage these failure experiences
efficiently. Operationally, failed candidates are first clustered
based on their gated behaviors to identify representative sam-
ples. These representatives are then compared against exist-
ing entries in E . A new experience is admitted only if the
port-level behavior it exhibits differs from all existing experi-

ences in E , and is thus deemed a new error mode. This strat-
egy expands E , covers diverse failure modes while keeping it
manageable, and minimizes redundancy.
Waveform Diagnosis Agent. Based on the waveform ev-
idence in E , the diagnosis agent employs abductive reason-
ing to derive executable correction hypotheses, as shown in
Figure 3. It begins with analyzing the temporal and logical
structure of mismatches in waveform traces. Guided by a
multi-label taxonomy of common failure modes, the agent
classifies mismatches into specific error categories such as
latency mismatches, control-priority violations, or arbitration
flaws. Then it isolates the root cause by comparing the failing
trace with the golden reference, deriving a minimal set of log-
ical constraints to explain the observed discrepancies. These
inferences are translated into executable constraint prompts
for subsequent generations, avoiding rigid template match-
ing and overfitted look-up tables, which serve as determinis-
tic, port-specific behavioral constraints that both (i) fix logi-
cal errors and (ii) refine under-specified design requirements.
Besides, this mechanism functions as a heuristic pruning op-
erator. Enforcing non-regression constraints in subsequent
iterations prevents the regenerating of previously observed
errors and drives the process toward verification-grounded
functional convergence.

5 Experiments
5.1 Experimental Setup
Benchmarks. We primarily evaluate on REALBENCH [Jin
et al., 2025], a realistic IP-level spec-to-RTL benchmark with
60 module tasks from three industrial designs (AES: 6, SDC:
14, E203 CPU: 40), featuring long specifications (averaging
↔10k tokens), multiple ports, and sizable implementations
(typically ↔320 LOC per module) under strict simulation-
based verification. To test whether VPID transfers beyond
a single benchmark, we also report results on the cid003
subset of CVDP [Pinckney et al., 2025], comprising 78 spec-
to-RTL tasks, as an out-of-benchmark generalization check.
Metrics. Syntax and functional Pass@1 serve as the pri-
mary evaluation metrics. A solution is considered syntax-
correct if it compiles under a standard Verilog toolchain, and
functionally correct if it passes all benchmark testbenches.
For non-agentic baselines, we average the Pass@1 over 20
independent runs, whereas our agent is evaluated using a sin-
gle end-to-end run per task.
Baselines In this study, we benchmark against two domi-
nant paradigms for LLM-based RTL generation. Non-agentic
baselines directly prompt general-purpose models to gener-
ate Verilog in a one-pass manner; specifically, we evalu-
ate Claude-3.7, DeepSeek-V3 [DeepSeek-AI et al., 2025b],
DeepSeek-R1 [DeepSeek-AI et al., 2025a], and GPT-5.
Agentic baselines utilize multi-agent spec-to-RTL frame-
works, including VERILOGCODER [Ho et al., 2025] and
MAGE [Zhao et al., 2024] as representative methods.

5.2 Main Results
Table 1 shows that VPID improves functional Pass@1 on
REALBENCH. With Claude-3.7 as the backbone model,
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Method SDC AES E203 CPU ALL

Syn. Func. Syn. Func. Syn. Func. Syn. Func.

Model Baselines
DeepSeek-V3 44.2% 15.3% 55.8% 23.3% 19.5% 7.5% 28.9% 10.9%
DeepSeek-R1 28.5% 7.1% 66.6% 50.0% 12.5% 10.0% 21.6% 13.3%
Claude-3.7 41.4% 11.7% 46.6% 31.6% 42.7% 20.6% 42.8% 19.6%
GPT-5 35.7% 14.3% 50.0% 33.3% 30.0% 20.0% 33.3% 20.0%

Agent Baselines
VerilogCoder (Claude) 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
MAGE (Claude) 57.1% 21.4% 66.6% 33.3% 62.5% 20.0% 61.7% 21.7%

VPID (Qwen-Coder) 92.9% 28.6% 100.0% 50.0% 82.5% 45.0% 86.7% 41.7%
VPID (Claude) 100.0% 35.7% 100.0% 50.0% 87.5% 52.5% 91.7% 48.3%

Table 1: Syntax and functional pass rate comparison on the REALBENCH benchmark.

VPID achieves a 48.3% functional Pass@1, substan-
tially outperforming the representative multi-agent baseline
MAGE (21.7%) as well as the strongest non-agentic baseline
(20.0%). To ensure a rigorous and fair comparison with agen-
tic baselines, we standardized the computational settings. For
MAGE, we aligned the per-batch candidate sample size with
VPID to normalize diversity, while granting it a relaxed de-
bugging budget of twice the maximum iterations empirically
required by VPID to rule out insufficient exploration. De-
spite the increased budget, MAGE consistently failed to con-
verge on the complex IP-level tasks. Furthermore, VERILOG-
CODER was unable to produce valid solutions under lim-
ited cost, as its generic ReAct-based workflow appears ill-
suited for IP-scale design, where the extensive context and
non-deterministic reasoning loops lead to prohibitive compu-
tational costs and diminishing success rates.
In line with this, VPID achieves a syntax Pass@1 of 91.7%

on REALBENCH, compared to 61.7% for MAGE and 42.8%
for the non-agentic baseline. The key lies in the feedback loop
of behavior locking, which enforces syntactic correctness and
keeps generated RTL compatible with the target EDA tools
and simulation setup. Empirically, we observe that the back-
bone model can generate a compilable Verilog within three it-
erations, substantially improving the verifiability of generated
code. The limitations of current general-purpose backbones
further underscore the importance of syntax correctness as
a necessary condition to verification. As shown in Table 1,
DeepSeek-V3 and DeepSeek-R1 exhibit low syntax Pass@1
on REALBENCH, at 28.9% and 21.6%, respectively. Their
outputs frequently fail before simulation, preventing the sys-
tem from obtaining verification feedback and thus limiting
functional performance. Such syntactic failures reduce sam-
ple utilization since potentially correct candidates cannot be
evaluated. In contrast, the iterative process of VPID works
exclusively on compilable code and leverages both correct be-
haviors and incorrect logic from all samples, yielding a high
utilization rate.
For complex specifications with long-range dependencies

and implicit reasoning, comparisons with agentic baselines
show that workflow design is critical to performance. Ex-

VPID

Figure 4: Functional pass rate on the CVDP cid003 task (78 non-
agentic problems).

isting decomposition methods lack adaptability and may not
be suitable for generative models, while global editing is in-
efficient as it neither preserves verified components nor ef-
fectively learns from previous failures. VPID instead takes
advantage of iteration history: it freezes verified behaviors
and directs the model to focus on the remaining ports. These
results suggest that functional correctness depends on lever-
aging verification feedback, accumulating validation insights,
and localizing the search space to align with the model’s ca-
pabilities.

Finally, VPID exhibits strong robustness across back-
bone models and varying task complexities. The framework
consistently improves functional Pass@1 while maintaining
high syntax correctness across multiple backbones; under
Qwen-Coder, it achieves a 41.7% functional Pass@1. On
the out-of-domain cid003 task, VPID enables the back-
bone to significantly outperform the baseline and even sur-
pass the performance reported in the CVDP benchmark us-
ing thinking-enabled models, attaining 62.82% functional
Pass@1. This suggests that the same port-driven verification-
grounded framework is not overfit to REALBENCH, but gen-
eralizes to designs with varying complexity.
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Method SDC AES E203 CPU ALL
Pass Iter Pass Iter Pass Iter Pass Iter

VPID 35.7% 3.43 50.0% – 52.5% 2.37 48.3% 2.58
w/o behavior locking 35.7% 3.50 – – 47.5% 2.57 45.0% 2.73
w/o behavior locking & naive debugging 21.4% 3.93 – – 37.5% 2.89 35.0% 3.04
preprocessor output only 21.4% – 50.0% – 25.0% – 26.7% –

Table 2: Ablation study on the REALBENCH benchmark. We report both the functional pass rate (Pass) and the average number of iterations
(Iter), mainly on SDC and E203 CPU tasks.

Figure 5: Case study of monotonically increasing port pass rates
and task success rates during the iterative process for 10 tasks of
REALBENCH where preprocessor generation failed.

5.3 Ablation and Analysis
To disentangle the contributions of VPID’s individual com-
ponents to functional correctness and convergence efficiency,
we conduct an ablation study on REALBENCH. We evaluate
functional Pass@1 under a fixed iteration budget of 5, and
use the preprocessor output as the baseline. Table 2 summa-
rizes the results, comparing the complete framework against
variants that remove either the waveform-diagnosis agent or
behavior locking. We exclude the AES subset from detailed
discussion because it is comparatively simple. Overall, the
ablations indicate that syntactic validity, while necessary, is
not sufficient. Performance on challenging IP designs hinges
on the ability to accumulate functional improvements across
iterations in a monotonic manner.
We first evaluate the preprocessor in isolation. As shown in

Table 2, using only the preprocessor output achieves a 26.7%
pass rate, an increase of 7.1 percentage points over one-pass
generation (19.6%). This improvement is likely due to the
strict compile-time checks, which eliminate basic syntax er-
rors that can confound the evaluation of functional correct-
ness. However, the substantial gap between this baseline
(26.7%) and the full framework (48.3%) suggests that syn-
tactic correctness is necessary but not sufficient for handling
complex logic. Iterative behavioral refinement is required to
achieve the full framework performance.
Performance degrades considerably when naive debugging

is employed without behavior locking, resulting in a pass rate
of 35.0%. In this configuration, naive debugging captures

only real-time waveform, lacking both guided correction and
historical experience replay. The generation process becomes
unstable because the agent tends to overfit to instantaneous
waveform mismatches, or even modify correct logic, making
it difficult to accumulate functional progress during iterations,
ultimately leading to failure in complex designs.
The ablation of behavior locking primarily impacts effi-

ciency rather than just functional correctness. On the E203
CPU tasks, the pass rate decreases slightly from 52.5% to
47.5%, accompanied by an increase in average iterations from
2.37 to 2.57. Consistently, we see a slight increase from 3.43
to 3.50 on SDC tasks as well. This consistent increase in it-
erations across tasks suggests that without locking, the agent
struggles to preserve previously verified behaviors. Conse-
quently, it expends additional rounds repairing regressions
rather than making monotonic progress toward the solution.

Figure 5 visualizes VPID’s monotonicity on a case study
of ten challenging tasks for which the preprocessor baseline
fails. These failures motivate an iterative, verification-guided
refinement loop. Across iterations, the blue verified port cov-
erage and the red overall task completion rate both increase
without backtracking. Ablation results suggest that the mono-
tonic trend depends on three components: dynamic decom-
position focusing on unsatisfied ports, waveform diagnosis
deriving constraints from mismatches, and behavior locking
preventing regressions across iterations.

6 Conclusion
In this paper, we present VPID, a port-wise multi-agent
framework for complex spec-to-RTL generation. Our key
insight lies in the inherent port locality and verifiability of
RTL. Ports are verifiable and analyzable, enabling behav-
ioral alignment and can be used to guide dynamic decom-
position. Therefore, VPID treats progress as the expan-
sion of a verified port set rather than one-pass generation
or uncertain heuristic decomposition, and organizes genera-
tion, debugging, and merging around ports. Building on this
view, VPID couples behavioral locking and waveform di-
agnosis, which respectively guarantee iterative monotonicity
and accelerate functional convergence. Experimental results
demonstrate that VPID achieves 91.7% syntactic correctness
and 48.3% functional correctness at Pass@1 on the challeng-
ing REALBENCH benchmark, outperforming both general-
purpose LLMs and multi-agent frameworks relying on de-
coupled decomposition and debugging. Our work advances
the field toward robust, verification-grounded hardware au-
tomation. Future work will extend this port-centric paradigm
to system-level integration and larger-scale design spaces.
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