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Abstract
Reinforcement learning (RL) post-training has
emerged as a promising paradigm for LLM-
based Verilog generation. However, existing
RL credit assignment methods are either overly
coarse (sequence-level GRPO) or fragmented
(line-level methods), leading to severe misat-
tribution as they ignore the characteristics of
Verilog designs that are fundamentally struc-
tured through concurrent constructs and pro-
cedural control flows. To bridge this gap, we
propose CirCA, a novel RL framework that
performs credit assignment based on Atomic
Logic Blocks (ALBs), the smallest semanti-
cally complete units of circuit logic. CirCA de-
composes Verilog into ALBs, derives reliable
rewards from signal-level feedback, and then
constructs logic-enhanced signal dependency
cones to localize erroneous ALBs, whose lo-
calized responsibilities are further incorporated
into GRPO through asymmetric advantage cor-
rection. Extensive experiments show CirCA
establishes a new state-of-the-art across multi-
ple benchmarks among non-reasoning models,
and even surpasses some cutting-edge reason-
ing models on complex tasks.

1 Introduction

Large language models (LLMs) have demonstrated
strong capability in automated hardware descrip-
tion language (HDL) generation, such as Verilog
(Huang et al., 2026). At the same time, RL-based
post-training has become an important paradigm
for improving functional correctness beyond super-
vised fine-tuning (SFT), with GRPO-style methods
(Shao et al., 2024) showing strong empirical effec-
tiveness. However, some inherent characteristics of
HDL make credit assignment in RL more challeng-
ing than in software programming, thereby limiting
the full potential of post-training optimization for
Verilog generation (Yang et al., 2025a).

Fundamentally, Verilog is governed by strict
circuit semantics: it describes hardware behavior

through a set of concurrent local update rules in-
stead of a sequential execution process. Each code
block typically implements a distinct logical func-
tion and influences outputs through heterogeneous
dependency paths (Tan and Rosdi, 2014). Under
such a structure, the sequence-level credit assign-
ment adopted by GRPO leads to overly coarse-
grained attribution (Figure 1-A): it treats the entire
generated code as a single optimization unit and
uniformly assigns the same advantage to all tokens.
As a result, positive credit that should belong to cor-
rect local structures can be simultaneously assigned
to code regions responsible for erroneous outputs
(Tan et al., 2025). By contrast, the line-level credit
assignment adopted by prior works (Zhang et al.)
for finer-grained attribution is overly fragmented:
a coherent logical function in Verilog often spans
multiple lines, yet line-level attribution treats each
line as an independent unit, splitting credit that
should belong to the same functional block across
isolated lines and thus causing misattribution (Fig-
ure 1-B). Moreover, the search space for line-level
error localization grows combinatorially with code
length and fault counts (Sudakrishnan et al., 2008;
Abreu and Van Gemund, 2009; Wu et al., 2024;
Gharachorlu et al., 2026), further exacerbating in-
correct credit assignment. In conclusion, for credit
assignment in Verilog RL, the key challenge is to
make attribution fine-grained and accurate to opti-
mize units that truly align with its local logics.

To this end, we propose CirCA, an RL frame-
work for Verilog generation that performs credit
assignment over atomic logic blocks (ALBs) which
are defined as the smallest semantically complete
units to represent circuit logics. The core insight
lies in regarding Verilog code as a composition of
these ALBs rather than a sequence or fragmented
lines. Thus, applying ALBs as the basis for RL
optimization strictly aligns credit assignment with
circuit semantics, thereby guaranteeing the fine-
grained and accurate attribution.
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Figure 1: Motivation for CirCA. (A) Sequence-level assignment (GRPO) is too coarse, uniformly sharing advantages
across correct and erroneous tokens. (B) Line-level assignment is overly fragmented, breaking coherent multi-line
logic and causing severe credit misattribution. (C) The proposed Atomic Logic Blocks (ALBs) align precisely with
circuit semantics, enabling accurate penalization of faulty logic while rewarding correct functional units.

Specifically, CirCA comprises four stages. First,
Atomic Logic Block Decomposition isolates con-
current constructs and flattens procedural control
flows to organize Verilog code into ALBs. Then
Semantics-Aware Signal-Level Feedback constructs
testbench-driven simulations with semantics-aware
stimuli to provide reliable feedback at the output-
signal granularity. Building on this, Fingerprint-
Guided Cone Matching augments dependency
cones with syntax-invariant semantic attributes,
performing structural isomorphism checks to ac-
curately localize the ALBs responsible for erro-
neous outputs. Finally, Asymmetric Advantage Cor-
rection penalizes faulty ALBs without disrupting
the global optimization stability, thus integrating
fine-grained attribution into the GRPO framework.
Together, these components turn coarse sequence-
level optimization into a finer-grained structured
credit assignment process aligned with the circuit
semantics of Verilog, as shown in Figure 1 (C).

Comprehensive experiments across multiple
Verilog generation benchmarks demonstrate that
CirCA establishes a new state-of-the-art among
non-reasoning general-purpose and code models.
Specifically, compared to the previous best non-
reasoning model, QiMeng-CRUX (Huang et al.,
2026), CirCA achieves an absolute pass@1 im-
provement of 4.5% (from 64.6% to 69.1%) on
Spec-to-RTL of VerilogEval-v2 and 7.7% (from
62.8% to 70.5%) on RTLLM-v1. Notably, on
more challenging tasks, CirCA even outperforms
cutting-edge reasoning models. For instance, on
the RTLLM-v2 benchmark, it surpasses CodeV-R1
(Zhu et al., 2025) by 1.0% (from 68.0% to 69.0%)
and the 671B DeepSeek-R1 (Guo et al., 2025) by
4.3% (from 64.7% to 69.0%) in pass@1, respec-
tively. Furthermore, systematic ablation studies val-
idate the essential contribution of adopting Atomic
Logic Blocks (ALBs) as the fundamental optimiza-

tion unit, providing a robust and highly efficient
paradigm for RL-driven Verilog generation. Code
is available at https://github.com/Taskii-Lei/CirCA.

2 Related Works

LLM-Based Verilog Generation Automated
Verilog code generation using large language mod-
els (LLMs) has achieved rapid progress. Founda-
tional works primarily focused on dataset construc-
tion and enhancement, utilizing techniques rang-
ing from public code mining and task refinement
(Pearce et al., 2020; Liu et al., 2024a; Thakur et al.,
2024; Zhao et al., 2025; Liu et al., 2025) to cross-
language translation and fine-grained annotation
(Hong et al., 2025; Zhang et al., 2024; Li et al.,
2026). Beyond static supervision, incorporating ex-
ecution and verification feedback from downstream
EDA tools has emerged as a crucial optimization
strategy. One line of work applies such feedback
iteratively during inference, using it to identify and
revise incorrect outputs to improve the functional
correctness of the final generated code (Wang et al.,
2025a; Blocklove et al., 2025; Nakkab et al., 2024;
Cui et al., 2024; Bai et al., 2025). However, these
inference-time methods introduce significant com-
putational overhead and deployment latency, limit-
ing their practical efficiency.

RL-Based Post-Training for Verilog Generation
To overcome inference overhead and inherently
align models with hardware-centric objectives, re-
cent studies leverage RL-based post-training (Bai
et al., 2022; Shao et al., 2024; Yu et al., 2025) to
enhance performance (Le et al., 2022; Dou et al.,
2024; Wang et al., 2024). While recent explo-
rations into chain-of-thought (CoT) reasoning via
RL (Yubeaton et al., 2025; Qin et al., 2025; Zhu
et al., 2025; Wang et al., 2025b) achieve high per-
formance, they suffer from massive training costs
and severe inference latency (Yang et al., 2025b).
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Efficient, non-reasoning models such as QiMeng-
CRUX (Huang et al., 2026) improve sequence-level
rewards but still within the naive GRPO framework,
while SAL-V (Zhang et al.) explores fine-grained
feedback but limited in DPO learning (Rafailov
et al., 2023). However, the core challenge of credit
assignment in RL remains unresolved, calling for a
method that effectively integrates Verilog’s unique
circuit semantics with fine-grained attribution.

3 Methodology

Our core insight is that Verilog should be decom-
posed into atomic logic blocks that reflect its un-
derlying circuit semantics, thus enabling credit as-
signment to operate on semantically meaningful
local logic units. To this end, we build CirCA upon
GRPO (Shao et al., 2024), which we review as a
preliminary in Section 3.1. Following this, CirCA
executes a four-step pipeline as shown in Figure 2.
We first derive atomic logic blocks from the Verilog
code (Section 3.2). Then we obtain reliable and
fine-grained feedback at the output-signal level via
testbench with semantics-aware stimuli (Section
3.3). Using these signals, we perform cone match-
ing between the generated and reference designs
to localize the ALBs responsible for the erroneous
outputs (Section 3.4). Finally, we use the responsi-
ble ALBs to assign credit more accurately during
policy optimization (Section 3.5).

3.1 Preliminary: Group Relative Policy
Optimization (GRPO)

GRPO is a typical RL method for LLM post-
training that eliminates the value model by es-
timating advantages via intra-group relative re-
wards. For each prompt q, the model rollouts G
responses {o1, o2, . . . , oG}, which are scored by
a reward model or a rule-based verifier to get re-
wards r = {r1, r2, . . . , rG}. The advantage for
each response is computed by normalizing these
rewards: Âi = ri−mean(r)

std(r) . The final optimization
objective is to maximize the objective function:

JGRPO(θ) = Eq,{oi}

[
1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

(

min
(
ρi,tÂi,t, clip(ρi,t)Âi,t

)
−β DKL(πθ∥πref)

)]

where ρi(θ) = πθ(oi|q)
πθold

(oi|q) is the importance
sampling ratio between the current policy and

the old policy, and clip(ρi,t) is a shorthand for
clip(ρi,t, 1 − ϵ, 1 + ϵ). β is the coefficient con-
trolling the strength of the KL penalty.

3.2 Atomic Logic Block Decomposition
The goal of this step is to partition Verilog code into
ALBs that align with the underlying circuit seman-
tics. Verilog exhibits a two-tier execution structure
from the code perspective. At the macro level, con-
current constructs, including module instantiations,
continuous assignments, and procedural blocks, op-
erate concurrently. At the micro level, statements in
procedural blocks, such as always blocks, follow
a sequential procedural ordering (Meredith et al.,
2010; Wei et al., 2025). Therefore, we perform the
decomposition progressively (Figure 2-1).

We first employ a regex-based analyzer to iden-
tify module/interface declarations and concurrent
constructs by matching HDL keywords, such as
module, always, and assign, with their corre-
sponding syntactic boundaries, including semi-
colons, begin/end pairs, and module-level delim-
iters. Non-procedural constructs, such as contin-
uous assignments and module instantiations, are
directly treated as individual ALBs, since they usu-
ally describe structurally separable combinational,
connectivity, or component-level logic. For proce-
dural blocks, we further decompose their nested
control structures recursively. At divergence points,
such as if and case statements, the code is split
along branch boundaries to isolate branch-specific
update paths. To preserve logic context, enclosing
Boolean conditions are propagated downwards to
inner blocks through conjunction: an inner block
guarded by Cinner under an outer condition Couter
inherits an effective condition of Couter ∧ Cinner.
Consequently, each distinct update path functions
as an independent hardware logic unit, thereby con-
stituting a separate ALB with its own trigger con-
dition, control context, and local logic.

3.3 Semantics-Aware Signal-Level Feedback
We next derive reliable feedback at the output sig-
nal level from testbench-driven simulation. While
prior works demonstrate that signal-level feedback
is more informative than module-level pass/fail cor-
rectness, they typically rely on random input stim-
ulation (Zhang et al.; Zhu et al., 2025; Huang et al.,
2026), which is highly inadequate for sequential
designs like FSMs or UARTs and often fails to ac-
tivate meaningful circuit behaviors, thus producing
heavily sparse or biased feedback.
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Figure 2: Overview of the CirCA framework, comprising four stages. (1)Atomic Logic Block Decomposition
reorganizes Verilog code into macro-level concurrent parts and micro-level ALBs. (2) Semantics-Aware Signal-
Level Feedback infers structural behaviors to generate effective testbench stimuli, deriving reliable error rates (em)
for each output signal. (3)Fingerprint-Guided Cone Matching localizes faulty ALBs by comparing syntax-invariant
dependency cones between reference and generated designs via coarse hash matching and recursive isomorphism.
(4)Asymmetric Advantage Correction integrates these fine-grained penalties into GRPO, selectively dampening the
advantages of responsible ALBs only within globally favored trajectories (Adv > 0).

To overcome the limitations of random stimula-
tion, we construct semantics-aware stimuli through
rule-based analysis of the reference design. We
first extract the top-level module interface and pa-
rameters, then identify clock signals from edge-
triggered always blocks and resolve reset polarity
from sensitivity lists and reset conditions. Enable-
like controls are detected using naming and inter-
face patterns. For sequential behaviors, we fur-
ther analyze state-related registers and parameter-
ized state encodings to recognize FSM-style struc-
tures, and match UART-style ports (RX/TX) to
generate protocol-valid serial transactions. Based
on these extracted semantics, the testbench drives
control and protocol-related signals with valid tim-
ing and transaction sequences, while leaving un-
constrained inputs to generic exploration. Us-
ing the semantics-aware stimuli, we co-simulate
the reference and generated designs and collect
cycle-level mismatches over the output signal set
Y = {y1, . . . , yM}. For each output signal ym, we
define its error rate over time steps T as:

em =
1

T

T∑

t=1

1
[
ŷ(t)m ̸= y(t)m

]
,

where y(t)m and ŷ(t)m are the reference and generated
output values at step t. We then aggregate the
correctness scores of all M output signals into a
sample-level reward r = 1

M

∑M
m=1(1− em). The

erroneous output signals (em > 0) are subsequently
used for cone matching, while the em and r are
used later for the final credit assignment.

3.4 Fingerprint-Guided Cone Matching

To trace the erroneous output signals back to their
specific ALBs, we model the dependency cone
of a target output signal y as a directed graph
C(y) = (Vy, Ey) for both the reference and gen-
erated designs. Specifically, we trace backward
from y to identify all upstream signals and their
driving signal-update events, forming the vertex
set Vy. The directed edge set Ey is naturally estab-
lished by the dependency flowing from right-hand
side (RHS) variables to left-hand side (LHS) sig-
nals. To support precise semantic comparison, we
augument each node s ∈ Vy with logic fingerprint
ϕ(s) = ⟨τ(s), χ(s), ψ(s)⟩, where τ(s) denotes the
trigger conditions, χ(s) the control context inher-
ited from its corresponding ALB, and ψ(s) the
local operational logics. To ensure matching ro-
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Type Model VerilogEval-v1-Machine VerilogEval-v1-Human RTLLM-V1

p@1 p@5 p@10 p@1 p@5 p@10 p@1 p@5 p@10

Foundation
General Models

GPT-4o 67.7 75.5 77.2 60.1 71.4 74.5 41.7 65.9 -
Deepseek-V3-671B 77.6 86.2 87.4 70.7 77.4 78.8 60.9 74.2 72.4

Foundation & Deepseek-R1-671B 81.0 87.4 89.5 81.5 87.6 88.5 64.8 82.9 -
Verilog-Specific

Reasoning Models
CodeV-R1-Distill-7B 75.8 85.6 87.0 65.7 76.8 79.7 57.4 75.8 81.3

CodeV-R1-7B 86.1 84.1 85.7 69.9 79.3 81.9 72.9 86.1 88.8

General
Non-Reasoning
Code Models

Qwen2.5-Coder-7B 50.1 66.5 70.9 22.9 36.0 39.5 32.2 48.2 55.9
Qwen2.5-Coder-32B 66.6 76.6 79.7 47.6 58.1 61.8 47.9 67.7 -
Deepseek-Coder-6.7B 52.2 55.4 56.8 30.2 33.9 34.9 30.2 44.0 52.5

Verilog-Specific
Non-Reasoning
Code Models

RTLCoder-6.7B 61.2 76.5 81.8 41.6 50.1 53.4 35.8 40.3 43.1
CodeV-Qwen2.5-7B 77.3 87.9 90.1 58.3 66.7 69.7 39.3 63.5 74.2

OriGen-7B 74.1 82.4 85.7 54.4 60.1 64.2 50.6 68.3 74.3
QiMeng-SAL-V-7B 79.8 88.0 90.3 60.1 67.6 70.4 62.6 75.1 81.1
QiMeng-CRUX-7B 82.9 88.3 90.2 65.2 72.0 73.8 62.8 69.0 71.5

CirCA-7B (Ours) 86.0 87.5 88.2 65.1 70.7 73.7 70.5 79.8 82.4

Table 1: Main Results in VerilogEval-v1 and RTLLM-v1 benchmarks.

bustness, expressions within the fingerprints are
strictly canonicalized (e.g., standardizing constant
formats and resolving equivalent boolean forms) to
capture the hardware semantics and be immune to
superficial syntactic variations.

To localize the responsible ALBs efficiently, we
perform a coarse-to-fine isomorphism matching be-
tween Cref(y) and Cgen(y), the dependency cones
of the reference and generated codes. We first em-
ploy ALB-level hash matching as a coarse filter
to reduce the search space. For each ALB b, we
collect and sort the logic fingerprints of its internal
event nodes to ensure invariance to the reordering
of independent events. If the generated and ref-
erence ALBs share the same hash, their logic is
considered structurally verified and safely pruned.

For the remaining unmatched ALBs, starting
from the output y, we then employ a recursive iso-
morphism check Iso(u, v) to compare dependent
signals (u, v) pairs from the reference and gener-
ated codes, respectively. If u and v have incom-
patible types or widths, Iso(u, v) = 0. If both
are input signals (leaves of the cone), exact name
equivalence is required. Otherwise, we retrieve
their driving event nodes to compare their respec-
tive sub-cones. Because a signal can be driven by
multiple events across branches, we construct a
bipartite pairing between the reference and gener-
ated event nodes based on their logic fingerprint
similarity. For each paired event (su, sv), we ver-
ify the strict equivalence of their fingerprints ϕ(su)
and ϕ(sv). The comparison then proceeds recur-
sively on their upstream dependent signal pairs
induced by the graph edges E . If any event-level
comparison fails, any recursive dependency pair

violates Iso, or any generated event is left unpaired,
we add the generated ALBs associated with sv to
the responsible block set. In this way, the behav-
ioral failures of the output signals are accurately
attributed to the responsible ALBs for fine-grained
credit assignment.

3.5 Asymmetric Advantage Correction
To redistribute credit assignment over semantically
meaningful circuit units rather than uniformly over
the whole sequence, we apply localized advantage
corrections to the specific ALBs responsible for
simulation errors. Let Bm denote the ALB set re-
sponsible for erroneous output signal ym with error
rate em. Since a single ALB b may be implicated
by multiple erroneous output signals, we assign it
the maximum penalty rate among them:

γ(b) =





max
m: b∈Bm

em, if b ∈ ⋃
m Bm,

0, otherwise.

Subsequently, given the original sample-level ad-
vantage Â and the set of tokens T (b) in ALB b, we
define the asymmetric corrected token-level advan-
tages as:

Ãt =

{
(1− γ(b))Â, if Â > 0 and t ∈ T (b),

Â, otherwise.

This asymmetric correction rule bridges our fine-
grained attribution with global RL frameworks like
GRPO. When Â > 0, the trajectory is globally
favored, yet faulty ALBs should not be blindly
rewarded equally to correct components. So we
proportionally down-weight their positive credit
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Type Model
VerilogEval-v2-CC VerilogEval-v2-SR RTLLM-V2

T=0 T=0.8 T-Cross T=0 T=0.8 T-Cross p@1 p@5 p@10(p@1) (p@1) p@1 p@5 p@10 (p@1) (p@1) p@1 p@5 p@10

Foundation
General Models

GPT-4o 59.0 56.1 57.6 66.1 69.0 62.5 61.8 64.1 73.7 76.2 56.5 70.3 75.2
Deepseek-V3-671B 68.0 66.1 68.7 76.3 78.2 68.8 66.9 62.4 71.7 75.0 59.1 71.5 73.3

Foundation &
Verilog-Specific

Reasoning Models

Deepseek-R1-671B 82.7 81.0 79.1 85.1 87.1 83.3 79.8 77.5 84.7 87.4 64.7 75.8 79.7
QWQ-32B - - 64.0 77.8 80.9 - - 64.2 77.3 80.1 52.9 68.0 71.2

CodeV-R1-Distill-7B 59.6 66.9 65.5 75.6 78.2 60.9 64.7 65.2 75.2 77.5 57.2 71.9 77.1
CodeV-R1-7B 48.1 71.1 69.9 78.2 80.9 49.4 68.1 68.8 78.2 81.1 68.0 78.2 81.7

General
Non-Reasoning
Code Models

Qwen2.5-Coder-7B 30.1 25.6 30.5 46.8 52.0 23.0 22.0 31.3 49.3 54.6 36.1 52.4 57.6
Qwen2.5-Coder-32B 44.2 41.5 46.6 59.0 62.8 46.8 41.6 47.5 60.7 64.7 47.8 63.9 67.8
Deepseek-Coder-6.7B 25.0 29.3 25.2 37.8 45.3 21.7 19.5 20.1 35.4 43.7 41.8 53.9 60.3

Verilog-Specific
Non-Reasoning
Code Models

RTLCoder-6.7B 35.9 31.5 33.70 45.9 49.8 36.8 30.9 31.1 47.8 52.3 33.6 45.3 49.2
CodeV-Qwen2.5-7B 58.3 49.9 60.4 68.0 73.3 44.8 37.4 42.2 63.9 69.3 41.0 60.1 68.1
QiMeng-SAL-V-7B 60.2 57.8 62.6 70.4 73.7 56.5 55.5 59.1 69.9 74.0 52.3 68.6 73.4
QiMeng-CRUX-7B 68.0 66.7 67.6 72.3 75.5 64.7 64.4 64.6 71.5 74.6 63.8 70.6 73.9

CirCA-7B (Ours) 67.9 67.8 67.9 72.3 74.2 69.2 68.9 69.1 74.1 75.6 69.0 77.0 79.3

Table 2: Main Results in VerilogEval-v2 of various settings and RTLLM-v2 benchmarks.

via penalty rate γ(b). In contrast, when Â < 0,
the trajectory is already penalized. Since aggres-
sively amplifying or locally redistributing negative
advantages often induces training instability and
policy collapse (Ren et al., 2026; Deng et al.), we
leave the negative advantages unchanged. In this
way, CirCA aligns credit assignment with under-
lying circuit semantics by penalizing faulty ALBs,
while preserving the optimization stability and the
sample-level relative ranking established by GRPO.

4 Experiments

4.1 Experiment Settings

Datasets We combine data from CRUX (Huang
et al., 2026) and CodeV-R1 (Zhu et al., 2025), re-
move all intermediate CRUX and reasoning steps
and retain only the Description-Verilog pairs. In
addition, we use Qwen2.5-Coder-7B (Team, 2025)
to generate five responses for each sample, then
filter out samples that are entirely or mostly correct,
resulting in a final dataset of 165k samples for SFT
training to match the scale used in previous works.
After that, we applied the same filtering strategy on
the SFT model to remove fully correct problems,
leaving 135k samples for GRPO training.
Benchmarks Consistent with existing works,
we evaluate model performance on the most com-
monly used and classic four benchmarks to obtain
a comprehensive assessment: i) VerilogEval-V1
(Liu et al., 2023) contains 143 GPT-synthesized
Machine tasks and 156 hand-crafted Human tasks;
ii) VerilogEval-V2 (Pinckney et al., 2025) removes
the lower-quality Machine tasks, improves the qual-
ity of the Human tasks to Code-Completion (CC)

tasks, and further introduces the more challenging
Spec-to-RTL (SR) tasks; iii) RTLLM-v1 (Lu et al.,
2024) consists of four task categories: Arithmetic,
Memory, Control, and Miscellaneous, with a total
of 29 problems; iv) RTLLM-v2 (Liu et al., 2024b)
further expands the number of problems to 50, fea-
turing higher overall complexity.

Training and Evaluation Setups To ensure a
fair comparison with prior works, we also adopt
Qwen2.5-Coder-7B as the backbone. The training
pipeline comprises two epochs of SFT followed by
one epoch of GRPO. During evaluation, we use
pass@k to estimate the probability of generating
at least one correct solution among k candidates
per task, where n is the total number of sampled
candidates and c is the number of correct ones:

pass@k := Eproblems

[
1−

(
n−c
k

)
(
n
k

)
]
. (1)

To further assess the impact of RL-training explic-
itly, we additionally define the absolute and rela-
tive performance gains over the SFT baseline as
G = p@1RL − p@1SFT and G% = G/p@1SFT ,
respectively. We note that the original VerilogEval-
V2 study requires reporting pass@1 only under
two motivated settings: low-temperature setup
(T=0.0, top_p=0.01, n=1) and high-temperature
setup (T=0.8, top_p=0.95, n=20) (Pinckney et al.,
2025). Many prior works select the best results
across T ∈ {0.2, 0.5, 0.8} with n = 20 (denoted
as Cross). For comprehensive fairness, we report
results under both evaluation paradigms.
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Models Type Machine Human CC-Low CC-High CC-Cross SR-Low SR-High SR-Cross RTLLM-v1 RTLLM-v2

QiMeng-CodeVR1
(Reasoning Model)

SFT 75.8 65.7 59.6 66.9 65.5 60.9 64.1 65.2 57.4 57.2
RL 86.1 69.9 48.1 71.1 69.9 49.4 68.1 68.8 72.9 68.0

Gp@1 10.3 4.2 -11.5 4.2 4.4 -11.5 4.0 3.6 15.5 10.8
G% 13.59% 6.39% -19.30% 6.28% 6.72% -18.88% 6.24% 5.52% 27.00% 18.88%

QiMeng-SALV
(Non-Reasoning)

SFT 76.9 56.8 54.5 57.3 57.2 50.0 56.9 57.2 48.3 50.4
RL 79.8 60.1 60.2 57.8 62.6 56.5 55.5 59.1 62.6 52.3

Gp@1 2.9 3.3 5.7 0.5 5.4 6.5 -1.4 1.9 14.3 1.9
G% 3.74% 5.83% 10.50% 0.80% 9.48% 13.00% -2.49% 3.30% 29.61% 3.77%

QiMeng-CRUX
(Non-Reasoning)

SFT 76.8 63.2 64.7 58.9 65.5 59.6 57.0 61.1 49.0 52.3
RL 82.9 65.2 68 66.7 67.6 64.7 64.4 64.6 62.8 63.8

Gp@1 6.1 2.0 3.3 7.8 2.1 5.1 7.4 3.5 13.8 11.5
G% 7.94% 3.16% 5.10% 13.24% 3.21% 8.56% 12.98% 5.73% 28.16% 21.99%

CirCA (Ours)
(Non-Reasoning)

SFT 74.6 60.4 62.8 60.7 61.9 60.3 59.5 61.3 52.8 56.3
RL 86.0 65.1 67.9 67.8 67.9 69.2 68.9 69.1 70.5 69.0

Gp@1 11.4 4.7 5.1 7.1 6.0 8.9 9.4 7.8 17.7 12.7
G% 15.25% 7.78% 8.12% 11.70% 9.69% 14.76% 15.80% 12.72% 33.52% 22.56%

Table 3: Absolute (Gp@1) and relative (G%) pass@1 gains from SFT to RL.

4.2 Main Results

Our main results are summarized in Tables 1, 2
and 3. The baselines include both general-purpose
code models and Verilog-specialized models with
context length comparable to ours (<=4096). We
additionally report results for several foundation
models, as well as general-domain and Verilog-
specific reasoning models, and highlight the best
performance of reasoning and non-reasoning mod-
els separately for clearer comparison.

Overall performance comparison in Tables 1, 2
demonstrates our CirCA surpasses general-purpose
foundation models and achieves state-of-the-art
results among non-reasoning code models across
most benchmarks, especially on the more challeng-
ing Spec-to-RTL and RTLLM tasks. Compared to
the previous best QiMeng-CRUX, CirCA delivers
a consistent pass@1 improvement of at least 4.0%
across all settings on Spec-to-RTL, while increas-
ing performance by 7.7% (from 62.8% to 70.5%)
on RTLLM-v1 and 5.2% (from 63.8% to 69.0%) on
RTLLM-v2. Notably, CirCA even outperforms rea-
soning models on these tasks. It surpasses the 671B
DeepSeek-R1 by 5.7% (from 64.8% to 70.5%) on
RTLLM-v1 and by 4.3% (from 64.7% to 69.0%) on
RTLLM-v2, and marginally beats CodeV-R1-7B
on both Spec-to-RTL and RTLLM-v2 benchmarks.

To isolate the contribution of RL algorithms, we
further compare the pass@1 gains from SFT to RL
for methods with available results at both stages.
Comparison results in Table 3 show that CirCA
yields more significant improvements across nearly
all benchmarks. For example, CirCA achieves ab-
solute pass@1 gains of +17.7 (33.52%) and +12.7

(22.56%) on RTLLM-v1 and v2 respectively, ex-
ceeding the previous non-reasoning best QiMeng-
CRUX (+13.8 and +11.5), and the reasoning best
CodeV-R1-7B (+15.5 and +10.8). This confirms
that our semantic-aware stimuli and circuit-aligned
credit assignment provide precise, fine-grained
feedback, thereby maximizing the effectiveness of
RL post-training for complex hardware design.

We notice that QiMeng-CodeVR1 suffers severe
performance degradation under low-temperature
settings on VerilogEval-v2, mainly due to mas-
sive token repetitions that prevent valid code gen-
eration. This suggests that RL-trained reasoning
models may depend on diverse trajectory explo-
ration, while overly restrictive decoding can col-
lapse their output distributions into repetitive, sub-
optimal modes (Basu et al., 2020; Pipis et al., 2025;
Duan et al., 2026), which we leave for future work.

4.3 Ablation Study
To assess the individual contributions of our pro-
posed mechanisms, we conduct comprehensive ab-
lation studies on semantics-aware stimuli, the ALB-
level attribution granularity, and the asymmetric
credit assignment. All variants are initialized from
the same SFT model and trained on the same data
with GRPO for equivalent steps (about 1 epoch).
Results are shown in Table 4.
Ablation of Semantics-Aware Stimuli (SA-TB)
To evaluate our testbench construction strategy, we
compare traditional random inputs (w/o SA-TB)
(Zhu et al., 2025; Huang et al., 2026; Zhang et al.)
with our semantics-aware stimuli (w SA-TB) un-
der naive GRPO-based RL post-training. Results
show that while random stimuli offer moderate im-
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Models
VE-v1-Machine VE-v1-Human VE-v2-CC (p@1) VE-v2-SR (p@1) RTLLM-v2

p@1 p@5 p@10 p@1 p@5 p@10 T=0 T=0.8 T-Cross T=0 T=0.8 T-Cross p@1 p@5 p@10

SFT (Baseline) 74.6 89.4 91.0 60.4 71.9 75.4 62.8 60.7 61.9 60.3 59.5 61.3 56.3 67.6 73.3

w/o SA-TB
80.6
(+6.0)

88.1
(-1.3)

88.9
(-2.1)

62.5
(+2.1)

68.4
(-3.5)

70.3
(-5.1)

64.7
(+1.9)

64.3
(+3.6)

64.9
(+3.0)

64.1
(+3.8)

63.4
(+3.9)

63.7
(+2.4)

61.4
(+5.1)

67.8
(+0.2)

70.4
(-2.9)

w SA-TB
82.6
(+8.0)

87.9
(-1.5)

89.8
(-1.2)

63.1
(+2.7)

70.0
(-1.9)

72.9
(-2.5)

66.0
(+3.2)

65.7
(+5.0)

66.2
(+4.3)

65.4
(+5.1)

65.0
(+5.5)

65.8
(+4.5)

63.7
(+7.4)

71.4
(+3.8)

73.7
(+0.4)

Concurrency-Level
78.8
(+4.2)

81.2
(-8.2)

83.9
(-7.1)

58.3
(-2.1)

64.0
(-7.9)

66.5
(-8.9)

62.8
(+0.0)

61.3
(+0.6)

61.2
(-0.7)

55.7
(-4.6)

57.0
(-2.5)

56.6
(-4.7)

54.9
(-1.4)

67.9
(+0.3)

71.8
(-1.5)

Line-Level
79.2
(+4.6)

83.4
(-6.0)

84.6
(-6.4)

60.7
(+0.3)

66.3
(-5.6)

68.4
(-7.0)

63.5
(+0.7)

63.1
(+2.4)

63.6
(+1.7)

59.6
(-0.7)

61.2
(+1.7)

60.9
(-0.4)

50.7
(-5.6)

62.7
(-4.9)

67.3
(-6.0)

Symmetric CA
83.2
(+8.6)

85.4
(-4.0)

86.8
(-4.2)

64.4
(+4.0)

68.8
(-3.1)

71.0
(-4.4)

66.7
(+3.9)

67.1
(+6.4)

67.4
(+5.5)

67.3
(+7.0)

66.7
(+7.2)

67.5
(+6.2)

65.1
(+8.8)

69.4
(+1.8)

71.5
(-1.8)

Asymmetric CA (Ours)
86.0
(+11.4)

87.5
(-1.9)

88.2
(-2.8)

65.1
(+4.7)

70.7
(-1.2)

73.7
(-1.7)

67.9
(+5.1)

67.8
(+7.1)

67.9
(+6.0)

69.2
(+8.9)

68.9
(+9.4)

69.1
(+7.8)

69.0
(+12.7)

77.0
(+9.4)

79.3
(+6.0)

Table 4: Results of the Ablation Study. Numbers in the second line indicate the absolute gain over SFT baseline.

provements over the SFT baseline, incorporating
SA-TB consistently provides further gains across
all benchmarks. Specifically, it improves pass@1
from 61.4% to 63.7% on RTLLM-v2, and brings at
least 1.3% improvements over w/o SA-TB across all
VerilogEval-v2 settings. This confirms that SA-TB
better captures key hardware behaviors, providing
more reliable reward signals for RL post-training.

Ablation of Attribution Granularity We vali-
date the necessity of ALB decomposition by replac-
ing it with coarser Concurrency-Level and finer
Line-Level attribution units, while keeping the
same Fingerprint-Guided Cone Matching strategy.
Here, Concurrency-Level refers to the macro-level
concurrent blocks shown in Figure 2. As shown in
Table 4, deviating from the ALB granularity sub-
stantially degrades performance, even below the
SFT baseline. Concurrency-Level attribution re-
duces pass@1 on RTLLM-v2 to 54.9%, below the
SFT baseline of 56.3%, because treating an entire
multi-branch always block as a single unit unfairly
penalizes correct branches when bugs are local-
ized elsewhere within the block. In contrast, Line-
Level attribution performs even worse, reaching
only 50.7% on RTLLM-v2, as overly fragmented
units introduce severe noise into credit assignment,
ultimately leading to training instability and de-
graded performance. These results indicate that at-
tribution granularity should be neither too coarse to
unfairly penalize correct logic nor too fragmented
to inject noise. Compared to these extremes, our
results confirm that ALB serves as a highly suitable
and effective granularity for Verilog optimization.

Ablation of Asymmetric Credit Assignment Fi-
nally, we investigate the effectiveness of our asym-
metric advantage correction mechanism. In Asym-
metric CA, token advantages are selectively penal-
ized only in globally favored trajectories (Â > 0),
while leaving negative advantages unchanged. To

evaluate this design, we introduce a Symmetric CA
variant that penalizes responsible ALBs bidirection-
ally: it applies a dampened advantage (1− γ(b))Â
when Â > 0 and an exacerbated negative advan-
tage (1 + γ(b))Â when Â < 0. Results in Table 4
show that Symmetric CA improves over the baseline
but consistently underperforms our asymmetric ap-
proach. For example, Asymmetric CA outperforms
Symmetric CA by 1.6% on Spec-to-RTL and 3.9%
on RTLLM-v2 in pass@1. This gap suggests that
amplifying penalties in globally unfavored trajec-
tories (Â < 0) is suboptimal: such poor-quality
responses already receive negative feedback, and
further local penalization yields noisy gradients
without constructive guidance (Ren et al., 2026;
Deng et al.). By asymmetrically suppressing only
localized bugs within globally favored trajectories,
CirCA avoids these noisy updates and precisely
corrects specific flaws while safely retaining valu-
able structural patterns. Additional mutation-based
diagnostics in Appendix A further support the ef-
fectiveness of SA-TB and ALB-level localization.

5 Conclusion

In this work, we propose CirCA, a circuit-
semantics-aligned RL post-training framework for
Verilog generation. CirCA localizes erroneous out-
put signals to responsible Atomic Logic Blocks
(ALBs) through fingerprint-guided dependency
cone matching, and uses the resulting block-level
feedback to refine token-level credit assignment.
Together with semantics-aware testbench construc-
tion, CirCA provides more reliable fine-grained
feedback for policy optimization. Extensive exper-
iments show that CirCA achieves state-of-the-art
performance and outperforms several strong rea-
soning models on multiple benchmarks, demon-
strating the effectiveness of ALB-level credit as-
signment for hardware code generation.
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Limitations

Although CirCA demonstrates strong performance
in credit assignment for RL-based Verilog gener-
ation, it still has several limitations. The ALB
decomposition and signal dependency cone con-
struction rely on static analysis of Verilog, which
may introduce non-trivial computational overhead
for very large-scale or deep sequential designs. In
addition, the overall performance is influenced by
the coverage of simulation stimuli, and certain rare
or temporally constrained behaviors may not be
fully activated under limited simulation budgets.
Finally, while CirCA provides a structured and
effective attribution mechanism, exploring more
efficient and accurate credit assignment strategies
for more complex system-level Verilog projects
remains an important direction for future work.
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A Appendix

A.1 Additional Diagnostic Analysis

To better understand the mechanisms behind
CirCA’s gains, we conduct a controlled mutation-
based diagnostic analysis on the 50 designs of
RTLLM-v2 benchmark. While the ablation studies
demonstrate the contribution of each component in
CirCA, this analysis provides a more direct exam-
ination of two key questions: whether semantics-
aware testbenches can reliably expose functional
deviations, and whether the resulting mismatches
can be localized to suitable code regions for credit
assignment.

Specifically, we inject one local semantic muta-
tion into each reference design, so that the faulty
location is known by construction. We first per-
form a self-consistency test by comparing the ref-
erence design with an identical copy, where a re-
liable testbench should report no mismatch. We
then compare the reference design with its mutated
version to evaluate whether the generated stimuli
can expose the injected fault. Finally, for detected
mutations, we compare ALB-level and line-level
localization under the same cone-matching pro-
cedure, thereby isolating the effect of attribution
granularity.

Mutation Construction. We construct the muta-
tion set from 50 reference designs in RTLLM-v2
benchmark. For each design, we use Deepseek-
V3 to inject a single local semantic mutation into
one selected ALB. The mutation prompt explic-
itly restricts the modification to a predefined set
of local mutation types, including operator muta-
tion, branch-condition mutation, numeric-constant
mutation, RHS-operand mutation, and case-item
assignment mutation. We also require the model
to keep the module interface, signal declarations
and clock/reset names unchanged, so that the mu-
tated design remains comparable with the original
reference design. The overall distribution of muta-
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tion types is shown in Table 5, and representative
mutation examples are provided in Table 6.

Testbench Reliability and Effectiveness. We re-
port two diagnostic metrics: self-consistency pass
rate and mutation detection rate. The former mea-
sures the number and ratio of reference-copy pairs
with 100% output correctness, while the latter mea-
sures the number and ratio of mutated samples
whose output correctness is lower than 100%.

Consistent with the ablation setting, we mainly
compare w/o SA-TB and w/ SA-TB. We additionally
include CodeV-R1 TB as a representative random-
stimulus testbench constructor from prior work (Le
et al., 2022). Compared with CodeV-R1 TB, w/o
SA-TB keeps random stimulation but adopts our
improved interface parsing and testbench assem-
bly pipeline, while w/ SA-TB further introduces
semantics-aware stimuli. Thus, CodeV-R1 TB vs.
w/o SA-TB reflects the robustness of testbench con-
struction, and w/o SA-TB vs. w/ SA-TB isolates the
effect of semantics-aware stimulation.

As shown in Table 7, CodeV-R1 TB passes the
self-consistency test on 42 out of 50 samples, while
both w/o SA-TB and w/ SA-TB achieve 50 out of
50. This shows that our improved parsing and test-
bench assembly pipeline enhances the robustness
of testbench construction across diverse Verilog
designs. For mutation detection, CodeV-R1 TB
detects 35 out of 50 mutations, and w/o SA-TB
detects 39 out of 50 under the random-stimulus
setting. In contrast, w/ SA-TB detects 48 out of 50
mutations. The two missed cases require highly
specific temporal coverage: one appears only in a
half-cycle window of an odd frequency divider, and
the other requires a valid reset-release, multi-push,
and multi-pop sequence in a LIFO buffer, which is
difficult to trigger within our maximum simulation
budget of 3000 steps. Overall, these results show
that semantics-aware stimuli more effectively ac-
tivate mutation-affected sequential behaviors and
provide more reliable feedback.

Mutation Type Count Ratio

Operator mutation 32 64%
Constant mutation 9 18%
RHS operand mutation 6 12%
Condition mutation 3 6%

Total 50 100%

Table 5: Mutation type distribution on RTLLM-v2.

Task ALB Type Local Mutation

adder_8bit ALB7 Operator a + b + cin →
a ^ b ^ cin

adder_bcd ALB3 Constant + 4’b0110→ + 4’b0101
ring_counter ALB5 RHS {state[6:0], state[7]}→

{state[0], state[7:1]}
fsm ALB23 Constant IN == 1→ IN == 0
counter_12 ALB5 Constant out == 4’d11 →

out == 4’d12
alu ALB9 Operator a_signed - b_signed→

a_signed + b_signed
RAM ALB8 RHS RAM[read_addr]→

RAM[write_addr]
synchronizer ALB19 Condition en_clap_two ? →

!en_clap_two ?
calendar ALB16 Operator &&→ ||
radix2_div ALB8 Condition CO ?→ ~CO ?

Table 6: Representative mutation examples.

Method Self-Consistency ↑ Mutation Detection ↑
CodeV-R1 TB 42 / 50 (84.0%) 35 / 50 (70.0%)
w/o SA-TB 50 / 50 (100.0%) 39 / 50 (78.0%)
w/ SA-TB 50 / 50 (100.0%) 48 / 50 (96.0%)

Table 7: Diagnostic evaluation of testbench reliability
and effectiveness.

Localization Granularity Analysis. In the abla-
tion study, we have shown that ALB-level attribu-
tion leads to better final benchmark performance
than other granularities. To further examine its lo-
calization accuracy under fingerprint-guided cone
matching, we evaluate on the mutated codes, where
the faulty ALB and changed source lines are known
by construction. We compare the ALB or line in-
dices returned by cone matching with the corre-
sponding ground-truth faulty locations.

As shown in Table 8, ALB-level localization
correctly identifies the mutated region in 45 out of
50 cases, while line-level localization succeeds in
33 out of 50 cases. This result shows that ALBs
provide a more suitable attribution unit for circuit-
level localization. Compared with individual lines,
ALBs better preserve the semantic completeness of
local hardware behavior, reducing fragmented or
misaligned attribution.

For the remaining failed cases, beyond the two
mutation instances not detected, most errors occur
in sequential circuits with complex state transitions.
In these cases, the Cone-Matching process may
involve deep recursive traversal, which can lead
to timeout or degraded localization accuracy. We
leave further improvements on highly complex cir-
cuit structures as future work. We do not report
concurrency-level localization in this diagnostic
analysis. Under such a coarse granularity, the faulty
block can often be included in the returned region,
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Figure 3: Dynamic pass@1 performance over 400 RL training steps on three benchmarks. Checkpoints are evaluated
every 10 steps, with markers indicating the performance at step 210 and the best performance achieved during
training.

Granularity Correct Localization ↑ Accuracy ↑
Line-level 33 / 50 66.0%
ALB-level 45 / 50 90.0%

Table 8: Localization accuracy under different attribu-
tion granularities.

but the actual error is usually buried inside a large
amount of correct code. As a result, the attribu-
tion may be technically correct but too imprecise
to provide useful fine-grained credit assignment.

A.2 Additional Training and Implementation
Details

Training Data Construction Our training data is
derived from QiMeng-CRUX (Huang et al., 2026)
and QiMeng-CodeV-R1 (Le et al., 2022), both of
which are originally built upon CodeV (Zhao et al.,
2025) with different processing strategies. CodeV
collects open-source Verilog code from the web, re-
moves non-synthesizable designs, and uses GPT to
generate corresponding task descriptions, forming
Description-Verilog pairs. It also removes samples
with Rouge-L > 0.5 against evaluation samples in
benchmarks to avoid data contamination. QiMeng-
CRUX rewrites the descriptions to better match
realistic human queries and introduces structured
formats such as Karnaugh maps, state-transition
diagrams, and timing/state tables. QiMeng-CodeV-
R1, adopts a code-to-NL-to-code data construction
pipeline: it generates descriptions from the origi-
nal Verilog snippets, uses DeepSeek-R1 to produce
reasoning thoughts and regenerated Verilog code,
and filters samples through equivalence checking
between the original and regenerated code. All
datasets are used in accordance with their original
licenses and intended research use.

In our experiments, we remove CRUX interme-
diate steps and CoT traces, retaining only the final
Description-Verilog pairs. We then let the LLM
rollout five responses for each problem and use

Training Method SFT GRPO

epoch 2 1
learning_rate 1.0e-5 1.0e-6
strategy adam adamw
warmup_ratio 0.1 0.0
rollout_n - 5
rollout_batch - 512
max_length 4096 4096
n_gpu 4×A100,80g 4×A100,80g
time cost 32h 40h
temperature - 1.0
top-p - 0.99

Table 9: Training parameters and computational usage.

testbench-based evaluation to filter out easy sam-
ples to keep the final training data scale consis-
tent with prior works. For fair comparison, all
methods use the same backbone, Qwen2.5-Code-
7B-Instruct (Team, 2025), and the same training
hyperparameters. We also report SFT-to-RL perfor-
mance gains to more directly reflect the improve-
ment from CirCA’s credit assignment mechanism.
During GRPO training, generated RTL is compiled
with the constructed testbench using Icarus Verilog
and simulated with vvp to obtain compilation status
and signal-level feedback.

Hyperparameters and Computational Usage
Our training pipeline is implemented with LLaMA-
Factory (Zheng et al., 2024) for the SFT stage
and EasyR1 (Zheng et al., 2025) for the RL post-
training stage. We report the detailed hyperparame-
ters and computational usage in Table9.

For the complete training process over 165k sam-
ples with rollout_n = 5, CirCA introduces ap-
proximately 7.45 additional hours compared with
vanilla GRPO. This overhead mainly comes from
test-code ALB decomposition and cone matching
during training, rather than from all analysis com-
ponents in the pipeline. Specifically, testbench
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Input Verilog (Raw)
module demo(input clk, input en,
input sel, input [3:0] d0, d1,
d2, d3, output reg [3:0] q);

always @(posedge clk) begin
if (en) // Enable path
q <= d0 & d1;

else if (sel) // Select path
q <= d2 - d3;

else // Default output
q <= d0;

end 
endmodule

module demo(input clk, input en,
input sel, input [3:0] d0, d1,
d2, d3, output reg [3:0] q);

always @(posedge clk) begin
if (en)
q <= d0 & d1;

else if (sel)
q <= d2 - d3;

else
q <= d0;

end 
endmodule

Cleaned Verilog

Chunked Structure

module demo(input clk, input en,
input sel, input [3:0] d0, d1, 
d2, d3, output reg [3:0] q);

(A) Module Header

(B) Process Block (Main Procedural Chunk)

always @(posedge clk) begin
if (en)
q <= d0 & d1;

else if (sel)
q <= d2 - d3;

else
q <= d0;

end

(C) Endmodule

endmodule

Structural/Declarative chunks

Procedural chunks (to be refined)

always @(posedge clk) begin
if (en)
q <= d0 & d1;

else if (sel)
q <= d2 - d3;

else
q <= d0;

end

Zoom-in: Process Block

ALB
#1

trigger

condition

logic

posedge clk

en

q <= d0 & d1;

ALB
#2

trigger

condition

logic

posedge clk

!en && sel

q <= d2 - d3;

ALB
#3

trigger

condition

logic

posedge clk

default

q <= d0;

ALB Decomposition (Branches)

Code with ALBMarkers

// ==== [MacroBlock1] ====
module demo(input clk, input en,
input sel, input [3:0] d0, d1,
d2, d3, output reg [3:0] q);

// ==== [MacroBlock2] ====
always @(posedge clk) begin

// ==== [AtomicLogicBlock1] ====
if (en)
q <= d0 & d1;

// ==== [AtomicLogicBlock2] ====
else if (sel)
q <= d2 - d3;

// ==== [AtomicLogicBlock3] ====
else
q <= d0;

end 
endmodule

1 Code Cleaning 2 Macro-Level Chunk Splitting 3 Procedural Block Refinement 4 Final ALBs Example

Figure 4: Illustration of Atomic Logic Block (ALB) decomposition. The Verilog code is first cleaned to remove
comments and normalize formatting, then split into macro-level chunks such as module headers, procedural blocks,
and structural/declarative components. Procedural blocks are further refined according to control-flow branches and
guard conditions, producing fine-grained ALBs that preserve both local logic and execution context.

construction and reference-code ALB decomposi-
tion can be performed offline and stored, taking
approximately 0.99 ms/sample and 1.71 ms/sample
on average respectively. Testbench simulation feed-
back, which is required for reward computation
during GRPO training, takes approximately 71.96
ms/sample and is therefore not an additional cost
specific to CirCA. Cone matching takes approxi-
mately 30.78 ms/sample on average, or 11.72 ms
per signal. The overhead of advantage correction
is negligible because it only performs simple ten-
sor reweighting based on the existing reward and
responsible-ALB mask, without additional simu-
lation or Verilog analysis. Therefore, relative to
vanilla GRPO, CirCA’s additional online computa-
tion consists primarily of test-code ALB decompo-
sition and cone matching, resulting in an average
overhead of approximately 32.49 ms/sample.

Training Dynamics To analyze RL training dy-
namics, we save checkpoints every 10 steps and
evaluate them on the benchmarks. Figure 3 shows
the evolution of pass@1 over 400 training steps.
The 210-step checkpoint is used as the final model
in the main results, as it provides strong and bal-
anced performance across tasks, though it is not
necessarily the best checkpoint on every bench-
mark. Therefore, Figure 3 reports both the 210-step
performance and the best performance achieved
during training.

The training dynamics show clear instability in
the Line-Level and Concurrency-Level variants.
After around 150 steps, both methods degrade on

Spec-to-RTL and RTLLM Benchmark, suggesting
that overly fine-grained or coarse-grained credit as-
signment with advantage penalization may lead to
unstable RL optimization. Their improvements
on Code-Completion are also limited, with the
Line-Level showing a sharp decline in later stages.
In contrast, the other variants generally achieve
more stable improvements on VerilogEval-v2, with
CirCA showing the strongest gains. On the more
challenging RTLLM Benchmark, several methods
degrade after around 170 steps, possibly due to
distribution mismatch between training data and
evaluation tasks. Since the same models continue
to improve on VerilogEval-v2, the RTLLM degra-
dation is more likely caused by benchmark-specific
generalization difficulty rather than a general col-
lapse of RL training.

A.3 Algorithmic Details of CirCA

Atomic Logic Block Decomposition. Algo-
rithm 1 summarizes the procedure for decom-
posing Verilog code into Atomic Logic Blocks
(ALBs). We first clean the code by removing
comments while preserving string literals. The
cleaned code is then passed to a macro-level split-
ter, which scans the code line by line and clas-
sifies each region using keyword-triggered pat-
terns and boundary matching. Specifically, mod-
ule headers are collected from the module key-
word until the closing );, declarations and con-
tinuous assignments are grouped until statement-
ending semicolons, and procedural blocks are col-
lected by balancing begin/end, case/endcase,
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Algorithm 1 Atomic Logic Block Decomposition
Require: Raw Verilog code x
Ensure: Marked code x̃ and ALB set B
1: x← REMOVECOMMENTSPRESERVESTRINGS(x) ▷

Remove comments without corrupting string literals
2: C ← MACROSPLIT(x) ▷ Split into structural chunks,

assignments, generate blocks, and procedural blocks
3: B ← ∅
4: for all chunk c ∈ C do
5: if c is an ALB-level non-procedural chunk then
6: B ← B ∪ {CREATEALB(c)} ▷ Keep standalone

executable logic as one ALB
7: else if c is a procedural block then
8: P ← REFINEPROCESSBLOCK(c)
9: if |P| > 1 then

10: for all sub-block p ∈ P do
11: χp ← NORMALIZECONDITION(p)
12: (Lp, Rp)← EXTRACTLHSRHS(p)
13: B ← B ∪
{CREATEALB(p, χp, Lp, Rp)}

14: end for
15: else
16: B ← B ∪ {CREATEALB(c)} ▷ Fallback

when no meaningful refinement is found
17: end if
18: end if
19: end for
20: B ← RENUMBERALBS(B)
21: x̃← INSERTMARKERS(x,B) ▷ Insert markers without

changing Verilog semantics
22: return x̃,B

generate/endgenerate, and fork/join scopes.
In this way, the splitter separates the program into
module headers, declarations, continuous assign-
ments, generate blocks, procedural blocks, and
other standalone statements.

For procedural blocks, such as always,
always_ff, always_comb, and initial blocks,
we further refine their internal structures via Al-
gorithm 2. The refiner first removes the outer pro-
cedural header and enclosing begin/end wrapper,
and then scans the remaining body while tracking
nested begin/end and case/endcase depths. The
body is split only at top-level sequential boundaries,
which avoids breaking assignments inside nested
branches or case items. Each resulting segment is
then recursively expanded according to its syntactic
role. For if/else-if/else branches, the refiner
extracts the branch guard as the local control condi-
tion. For case statements, it creates one candidate
sub-block for each case item using the case selec-
tor and item value as the branch condition. For
wrapper blocks, the outer wrapper is removed and
the inner body is refined recursively. The imple-
mentation also separates default pre-assignments
before case statements from the following case-
specific updates, since such defaults often serve as

Algorithm 2 Refining a Procedural Block
Require: c: a procedural block
Ensure: P: refined assignment-containing sub-blocks
1: S ← STRIPOUTERWRAPPER(c) ▷ Remove procedural

header and redundant begin/end wrappers
2: if HASDEFAULTPREASSIGNCASE(S) then
3: Q ← SPLITDEFAULTPREASSIGNCASE(S) ▷

Separate default update logic before case branches
4: else
5: Q ← SPLITTOPLEVELSTATEMENTS(S) ▷ Split

only at top-level control-flow boundaries
6: end if
7: E ← RECURSIVEEXPANDWRAPPERS(Q) ▷

Expand nested if/case/wrapper blocks while preserving
code spans

8: P ← ∅
9: for all branch br ∈ E do

10: if HASREALASSIGNMENT(br.lines) then
11: χ← NORMALIZECONDITION(br.cond)
12: (L,R)← EXTRACTLHSRHS(br.lines)
13: t← CLASSIFYCONDITION(χ) ▷ e.g., reset,

enable, FSM-state, or generic branch
14: idx← ADJUSTMARKERPOSITION(br) ▷ Align

marker with branch entries such as else if
15: p← CREATESUBBLOCK(br, χ, L,R, t, idx)
16: P ← P ∪ {p}
17: end if
18: end for
19: P ← SORTBYLINEINDEX(P)
20: return P

independent update logic.
During recursive refinement, outer control con-

texts are merged into inner branches to obtain the
effective condition of each candidate ALB. If a pro-
cedural block cannot be further split into multiple
assignment-containing sub-blocks, we keep it as a
single ALB. Finally, we insert lightweight block
markers into the original code without changing the
code content, which allows downstream modules
to map tokens back to their corresponding ALBs
during credit assignment 4.

Semantics-Aware Testbench Construction We
summarize the implementation details of semantics-
aware testbench construction. Given a reference
Verilog design and a generated design, we first
clean the reference code by removing comments,
and rename the top module of the reference design
with a golden prefix. This allows the reference de-
sign and the generated design to be instantiated in
the same testbench without module-name conflicts.

We then extract the top-level interface, includ-
ing input/output ports and parameters. The im-
plementation first attempts to obtain robust port
information through Yosys-based parsing, and falls
back to regex-based parsing when tool extraction
fails. Based on the extracted inputs and the cleaned
reference code, we identify control signals and
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design-specific structures. Clock signals are de-
tected from edge-triggered always blocks and nam-
ing patterns. Reset candidates are identified from
reset-like names, and their polarity is determined
from sensitivity lists and reset conditions when
possible. Enable-like controls are identified from
common naming and interface patterns.

For sequential and protocol-driven designs, we
further perform behavioral analysis. FSM-style de-
signs are detected by searching for state-like regis-
ters and parameterized state encodings. The imple-
mentation also estimates constrained input ranges
from comparison predicates, and identifies UART-
style ports such as RX, TX, start, done, and tick
signals when applicable.

The generated testbench instantiates both the
renamed reference design and the generated de-
sign with shared inputs. During simulation, it ap-
plies valid reset and enable sequences, drives un-
constrained inputs using frequency-sweep, range-
constrained, or randomized exploration, and gen-
erates protocol-valid serial transactions for UART-
like designs. At each checking step, the testbench
compares every output signal between the refer-
ence and generated designs and records per-signal
mismatch counts. These counts are later converted
into output-level error rates and used for reward
computation and cone matching.

Fingerprint-Guided Cone Matching We sum-
marize the implementation of fingerprint-guided
cone matching in Algorithm 3. Given the ALB-
marked reference and generated Verilog designs,
we first construct a signal dependency graph for
each design. Each vertex corresponds to a signal or
a signal-update event, and each directed edge repre-
sents a data dependency from an RHS signal to an
LHS signal. Since the ALB markers are preserved
during parsing, every update event can be mapped
back to its corresponding ALB.

For each output signal identified as erroneous
by simulation, we trace backward from the output
node to construct its dependency cone in both the
reference and generated graphs. Each event node in
the cone is annotated with a logic fingerprint, con-
sisting of its trigger condition, control context, and
local operation. Constants, parameter names, sim-
ple Boolean expressions, and sliced dependencies
are canonicalized before fingerprint construction,
so that semantically equivalent but syntactically
different expressions are less likely to be treated as
mismatches.

Algorithm 3 Fingerprint-Guided Cone Matching
Require: ALB-marked reference code xr , ALB-marked gen-

erated code xg , erroneous outputs Yerr

Ensure: Responsible generated ALBs Berr
1: Gr ← BUILDDEPENDENCYGRAPH(xr), Gg ←

BUILDDEPENDENCYGRAPH(xg) ▷ Build signal-event
graphs with ALB mappings

2: Φr ← BUILDFINGERPRINTS(Gr), Φg ←
BUILDFINGERPRINTS(Gg) ▷ Canonicalize triggers,
conditions, operations, and dependencies

3: Hr ← ∅
4: for all ALB br in reference code do
5: Fr ← {Φr(e) | e ∈ br}
6: Fr ← SORT(Fr)
7: hr ← HASH(Fr)
8: Hr[hr]← Hr[hr] ∪ {br}
9: end for

10: V ← ∅
11: for all ALB bg in generated code do
12: Fg ← {Φg(e) | e ∈ bg}
13: Fg ← SORT(Fg)
14: hg ← HASH(Fg)
15: ifHr[hg] ̸= ∅ then
16: br ← POPONE(Hr[hg])
17: V ← V ∪ {bg} ▷ Coarse stage
18: end if
19: end for
20: Berr ← ∅
21: for all y ∈ Yerr do
22: Cr ← TRACECONE(Gr, y), Cg ←

TRACECONE(Gg, y)
23: if CONEHASH(Cr,Φr) = CONEHASH(Cg,Φg) then
24: continue ▷ The whole output cone is matched
25: end if
26: My ← ISOMATCH(y, y,Gr, Gg,Φr,Φg) ▷ Fine

stage
27: Berr ← Berr ∪ (My \ V)
28: end for
29: return Berr

30: function ISOMATCH(u, v,Gr, Gg,Φr,Φg)
31: if VISITED(u, v) then
32: return ∅
33: end if
34: MARKVISITED(u, v)
35: if TYPEWIDTH(Gr, u) ̸= TYPEWIDTH(Gg, v) then
36: return BLAMESIGNAL(Gg, v)
37: end if
38: if ISINPUT(Gr, u) or ISINPUT(Gg, v) then
39: return ∅ if u = v, else BLAMESIGNAL(Gg, v)
40: end if
41: Er ← DRIVINGEVENTS(Gr, u)
42: Eg ← DRIVINGEVENTS(Gg, v)
43: P, Ug ← PAIREVENTS(Er, Eg,Φr,Φg) ▷ Pair

events by fingerprint similarity
44: M← BLAMEEVENTS(Gg, Ug) ▷ Unpaired

generated events are suspicious
45: for all (er, eg) ∈ P do
46: if Φr(er) ̸= Φg(eg) then
47: M←M∪ BLAMEEVENT(Gg, eg)
48: continue
49: end if
50: D ← PAIREDDEPS(er, eg)
51: for all (a, b) ∈ D do
52: M ← M ∪

ISOMATCH(a, b,Gr, Gg,Φr,Φg)
53: end for
54: end for
55: returnM
56: end function
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The matching procedure follows the coarse-to-
fine strategy described in Section 3.4. We first
compute ALB-level hashes by aggregating the fin-
gerprints of all update events within each ALB.
Generated ALBs whose hashes match reference
ALBs are regarded as structurally verified and are
pruned from later localization. For the remaining
cones, we recursively compare reference and gener-
ated signal pairs starting from the erroneous output.
At each recursive step, the matcher checks type and
width compatibility, pairs multiple driving events
according to their fingerprint similarity, compares
the paired event fingerprints, and then recursively
verifies their upstream dependencies.

When a mismatch is detected during recursive
comparison, the generated-side ALB associated
with the mismatched event is added to the respon-
sible block set. Declaration-level mismatches, trig-
ger mismatches, branch-condition mismatches, and
assignment-level mismatches are mapped to their
corresponding generated ALBs according to the
source locations recorded during parsing. The re-
sulting responsible ALB set is then used by the
subsequent credit-assignment step.
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