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Abstract

Large language models (LLMs) are increasingly used to generate
register-transfer-level (RTL) designs from natural-language specifi-
cations. However, assessing functional correctness at early stages
remains a fundamental challenge. Existing oracle-free approaches
rely either on simulation-based agreement, which depends on LLM-
generated testbenches that can fail or vary across models, or on
LLM-as-a-judge heuristics, which produce inconsistent predictions.

We introduce NoTB, an oracle-free triage framework that infers
correctness from cross-model formal consensus. NoTB generates
RTL implementations from multiple independently trained LLM
families and applies Sequential Equivalence Checking (SEC) to
identify designs that are provably equivalent. We show that the
diversity of model families within an SEC-equivalent cluster induces
a calibrated correctness signal, enabling risk—-coverage tradeoffs
without requiring testbenches.

On 78 CVDP RTL-generation tasks, four-family formal consensus
achieves 94.7% precision at 27% coverage; three-family consensus
achieves 87% precision at 33% coverage. These operating points
give designers a tunable accept/defer rule before a trusted testbench
or golden RTL is available. Overall, NoTB demonstrates that formal
cross-model agreement provides a reliable basis for high-confidence
triage without model-dependent oracles.
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1 Introduction

Large language models (LLMs) are increasingly capable of gener-
ating synthesizable register-transfer-level (RTL) designs directly
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from natural-language specifications. Given a text description of
desired hardware behavior, a model produces hardware-description
language (HDL) code that is then compiled, simulated, and checked
for correctness [1, 2, 3]. Most existing methods rely on an oracle, a
trusted artifact, such as a reference testbench or golden RTL model,
to evaluate the correctness early in the design process. Recent
benchmarks report high pass rates against such oracles, suggesting
that LLM-assisted hardware design is maturing [4, 5]. In practice,
however, constructing a reliable oracle is itself expensive and error-
prone, and developers rarely have one at the start of a design task.
A key challenge in LLM-assisted RTL design is therefore not can-
didate generation (models produce many candidates cheaply), but
triage: deciding which candidates merit downstream verification
before a trusted oracle becomes available.

Existing oracle-free approaches attempt to fill this gap, but re-
main fundamentally limited [6, 7, 8]. LLM-as-a-judge [8] replaces ex-
ecution with model-based prediction, but provides no formal guar-
antees and exhibits strong model-dependent bias: false-acceptance
rates vary by up to 45% across generating models despite similar
ground-truth pass rates, making it unreliable as a triage signal (as
shown in Section 4.2). Operating on the intuition that the agreement
of many models is evidence of correctness [9, 10], simulation-based
self-consistency clusters implementations by behavioral agreement
under a generated testbench. This intuition rests on two strong
assumptions that rarely hold in practice: that the testbench cov-
ers the relevant input space and that incorrect implementations
disagree with each other. Both can fail simultaneously. A weak test-
bench can miss a critical input, thus allowing a false consensus to
form among incorrect designs; this might collapse precision to 43%,
as shown in Section 4.2. Moreover, simulation-based agreement
compounds shared-error risk: when multiple models converge on
the same wrong behavior, a weak testbench can still falsely detect
that behavior as consensus [6, 10]. These shortcomings reflect a
fundamental limitation of existing heuristic approaches that infer
correctness from incomplete or learned signals rather than from
formal guarantees.

To address these challenges, we introduce NoTB, a framework
that replaces a heuristic agreement with a formally certified agree-
ment. The central insight is that if implementations produced by
independently trained LLM families! are proven equivalent over the
full input space via Sequential Equivalence Checking (SEC) [11, 12],
their agreement is a property of the designs, not of the testbench.

!An LLM family is a set of LLMs derived from a common base model (e.g. through
fine-tuning, distillation, or versioning) rather than trained independently from scratch.
In this paper, we represent each LLM family by a single representative model.
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Cross-family agreement is more likely to reflect correctness rather
than shared error, since independently trained models exhibit differ-
ent inductive biases and failure modes [13], making convergence on
the same wrong answer unlikely. SEC guarantees that agreement
is not an artifact of a finite set of tests. Given a specification, NoTB
generates implementations from multiple LLM families and applies
SEC [11, 12] to identify sets of designs that provably are func-
tionally identical throughout the input space. These equivalence
classes partition the candidate set into clusters of interchangeable
implementations. We define the model count of a cluster as the
number of distinct LLM families represented within it, and show
that model count induces a calibrated correctness signal: a higher
model count corresponds systematically to lower error rates. This
enables risk-aware triage with explicit control over the precision—
coverage’tradeoff. Crucially, NoTB does not replace verification.
It selectively certifies the high-confidence subset so that those de-
signs can bypass early-stage checks, while the remainder proceeds
through the existing flow unchanged.

We evaluate NoTB on the CVDP benchmark [14] using four inde-
pendently trained LLM families. When the dominant equivalence
cluster contains all four families, NoTB achieves 94.7% precision at
27% coverage; relaxing the threshold to three families yields 87%
precision at 33% coverage. This monotonic relationship — stronger
cross-model agreement, lower false-acceptance risk, is the central
empirical result and enables users to select a confidence threshold
suited to their verification budget.

Our paper makes the following contributions:

e We show that simulation-based oracle-free RTL triage is
testbench dependent: on a fixed candidate pool, the precision
of a four-way agreement varies from 43% to 84% purely as a
function of which LLM generated the testbench.

e We introduce NoTB, a novel framework that replaces the
learned and simulation-based agreement with formal cross-
model consensus. NoTB clusters candidate implementations
by SEC and scores each cluster by its model count, i.e., the
number of distinct LLM families represented in the cluster.

e Our experiments with 78 CVDP RTL-generation tasks and
four LLM families demonstrate that model count is a cal-
ibrated correctness signal: four-family agreement reaches
94.7% precision at 27% coverage, and three-family agreement
reaches 87% at 33%, with the signal remaining stable under
leave-one-out family ablation.

2 Related Work

Oracle-free correctness assessment for LLM-generated RTL relies
on proxy signals in place of a trusted artifact. We group prior
work by such signals: learned judgment (LLM-as-a-judge), sample
agreement (self-consistency), and behavioral agreement under a
generated testbench (simulation-based clustering).

Heuristic Correctness Prediction (LLM-as-a-Judge). To re-
duce reliance on test execution, recent approaches adopt LLM-as-
a-judge 8], where a secondary model predicts correctness given a
specification and its RTL implementation. While this eliminates the
2In this paper, coverage denotes the percentage of specifications for which NoTB makes

a prediction among those evaluated (e.g., out of all specifications in a given benchmark
suite).
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Figure 1: Overall flow of the NoTB framework.

need for testbenches, it replaces execution with a learned heuris-
tic. Such predictions are inherently model-dependent and can vary
significantly between generating models, limiting their reliability
as correctness signals. This variability introduces systematic bias,
making LLM-based judgment unsuitable as a high-confidence triage
signal.

Agreement and Self-Consistency. Self-consistency methods
use agreement among multiple samples as a confidence signal [9,
15]. This requires a meaningful notion of when two answers are
the same. For RTL, textual agreement is insufficient: syntactically
different designs may be equivalent, while similar designs may differ
on corner-case sequences. Hence, oracle-free RTL triage requires
agreement on hardware behavior, not on emitted code strings.

Agreement under Incomplete Evaluation. Recent work has
explored agreement-based selection for RTL generation [9, 15]. In
particular, VRank [6] generates multiple candidate implementations
and clusters them based on behavioral equivalence under a shared
testbench, ranking clusters by consistency. However, agreement
is defined with respect to a finite set of test inputs. As a result,
functionally distinct implementations may appear equivalent if
differences are not exercised by the testbench. Moreover, clustering
depends on the quality of the testbench itself, which is generated by
an LLM, introducing an additional source of bias and uncertainty.

Formal Agreement as a Correctness Signal. NoTB differs
from prior oracle-free methods in where agreement is defined.
LLM-as-a-judge defines agreement through a learned evaluator.
Simulation-based clustering defines agreement through a gener-
ated testbench and a finite set of observed traces. NoTB defines
agreement through SEC: two implementations are clustered only
when a formal tool proves convergence to a common behavior. This
distinction changes the role of agreement. In prior methods, agreement
is an empirical proxy for correctness. In NoTB, agreement identifies
a formally proven behavioral class, and model diversity within that
class is used as the empirical confidence signal.
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3 Proposed Methodology

NoTB uses formal agreement among independent generators as the
triage signal. If implementations produced by different LLM fami-
lies are proven equivalent for all input sequences, their agreement
provides stronger evidence than finite-test agreement or learned
judgment. NoTB operationalizes this idea in four stages, as shown in
Figure 1. First, it samples RTL implementations from multiple LLM
families. Second, it applies SEC to compare candidate implemen-
tations. Third, it constructs equivalence clusters from proven SEC
results. Finally, it scores the dominant cluster by its model count,
defined as the number of distinct LLM families represented in the
cluster. This score enables a tunable precision—coverage tradeoft:
increasing the threshold requires agreement among more model
families, which reduces the number of accepted specifications but
increases confidence that those accepted are correct.

3.1 Multi-Model RTL Generation

Given a specification s, NoTB constructs a candidate set by sam-
pling from multiple independently trained LLM families. Let M =
{my,...,my} denote the set of model families. For each model
m € M, we sample K implementations, yielding

D) = [ {dms- o dmic}-
meM
Each implementation d € D(s) is associated with its generating
model family model(d) € M.

Sampling across model families, rather than only within a single
model, exposes different inductive biases and error modes. NoTB
does not assume that any individual model is reliable; it uses cross-
family convergence as evidence.

All models are prompted to generate synthesizable Verilog under

a shared set of constraints: a single top-level module, no SystemVerilog-

only constructs, no simulation-only features such as initial blocks
or delays, and a single-driver discipline. These constraints standard-
ize the generated implementations and make them compatible with
downstream SEC.

3.2 Formal Equivalence Clustering

Given the candidate set D(s), NoTB constructs a graph that cap-
tures formal equivalence relationships among implementations.
For each pair (d;, d;), we invoke Cadence JasperGold to determine
whether the two designs produce identical outputs for all input se-
quences. To automate comparisons across independently generated
RTL, NoTB infers clock and reset signals from port names such as
clk, reset, and rst_n.

Each SEC query yields one of three outcomes: equivalent, non-
equivalent, or inconclusive. We define d; = d; only when equiva-
lence is proven. Tool errors, interface mismatches, and inconclusive
results do not contribute equivalence edges.

NoTB represents the SEC results as an undirected graph

G(s) = (V,E), where V = D(s) and (d;, d;) € E < d; = d,.

The connected components of G(s) define the equivalence clus-
ters C(s) = {Cy,...,Cx}. Each cluster corresponds to a set of im-
plementations connected through proven equivalence. Equivalence
may be direct or transitive: if d; = d; and d; = d are both proven,
then d;, dj, and di belong to the same cluster. However, a direct
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graph edge between d; and dy. is added only if their pairwise SEC
query also proves equivalence. Thus, clusters use transitive closure,
but edges remain faithful to individual SEC proofs.

This construction is conservative. NoTB merges implementa-
tions only when equivalence has been formally established. Non-
equivalence results help separate behaviors, and inconclusive re-
sults leave candidates unmerged. Hence, each cluster represents a
behavior shared by implementations that are provably equivalent
under the SEC model.

3.3 Incremental SEC Pruning

Naively evaluating all pairs requires O(|D(s)|?) SEC queries, or
O(M?K?) queries for M model families and K samples per family.
NoTB reduces this cost using lightweight pruning while preserving
the invariant that equivalence edges are introduced only by proof.
First, NoTB eliminates syntactically identical implementations
through hashing. Identical files are merged into the same cluster
before SEC. Second, NoTB maintains equivalence components using
union-find. When SEC proves d; = d;, their components are merged,
and future comparisons within the resulting cluster are skipped.
NoTB also records proven non-equivalences between component
representatives to avoid redundant cross-component comparisons.
These optimizations affect which comparisons are skipped, not
which equivalences are trusted. A cluster is still formed only from
implementations connected by proven SEC equivalence.

3.4 Confidence as Model Diversity

Given the equivalence clusters C(s) of a specification s, NoTB de-
rives a correctness signal from model diversity. For each cluster
C € C(s), we define its model count as the number of distinct model
families represented in the cluster:

model_count(C) = |{model(d) : d € C}|.

Let

Ct= c
arg Crglgé)l |

denote the largest equivalence cluster. NoTB assigns specification s
the confidence score

confidence(s) = model_count(C").

The largest cluster is treated as the dominant behavioral hypothesis
for the specification. Its model count measures how many indepen-
dent model families converged to that behavior.

If multiple clusters tie in size, NoTB selects the cluster with
higher model count. Remaining ties are broken deterministically
using a fixed ordering over cluster members . These tie-breaking
rules affect only ambiguous cases and do not change the definition
of the confidence signal.

Given a threshold 7, NoTB accepts specification s if

confidence(s) > .

Varying 7 induces a precision-coverage tradeoff: higher thresholds
accept fewer specifications but require stronger cross-model formal
consensus. This formulates correctness estimation as a selective
prediction. Hence, NoTB is a selective-prediction method, not a
universal correctness classifier. It accepts only the specifications
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Figure 2: Judge acceptance decomposed into correct accepts
(solid) and false accepts (striped), for four judges across four
generating models. The dashed line marks the ground-truth
pass rate.

whose dominant formally equivalent behavior has sufficient cross-
family support, and defers the rest to the existing verification flow.

4 Evaluation

We evaluated NoTB on precision and coverage metrics with an
experimental setup that consists of datasets, models, and oracle-
free baselines.

4.1 Experimental Setup

Dataset and models. We evaluate NoTB on all 78 code-generation
hardware design tasks from the code-generation tasks (cid@@3) of
the NVIDIA CVDP benchmark [14]. For each specification, we gen-
erate candidate RTL implementations using M = 4 independently
trained LLM families: Claude 3.7 Sonnet [16], GPT-OSS-120B [17],
Gemini 2.5 Flash [18], and Qwen 3 Coder [19]. We sample K = 5
implementations per model, yielding up to 20 candidates per speci-

fication.
We use the official cocotb testbenches solely to establish ground

truth, not to construct NoTB’s triage signal. A selected cluster is
counted as correct only if every implementation it contains passes
all functional tests. In NoTB, members of the same SEC cluster are
functionally identical under the cocotb testbenches, consistent with
their proven equivalence. Therefore, if one implementation fails
under a given test, other implementations in the equivalence cluster
do the same.

We report functional correctness after excluding compile-time
and spec-level failures, all of which are independent of NoTB’s
signal as they are determined by ordinary compilation and applied
uniformly across all methods. Of the 78 tasks, we remove 5 on which
Yosys fails to elaborate the design and the test harness cannot run,
2 for which fewer than 4 candidate implementations are synthe-
sizable, leaving too small a pool for cross-model consensus, and 1
whose LLM-generated testbench fails to compile or deadlocks. In
summary, we have 70 specifications evaluated across all models. We
construct equivalence clusters using pairwise SEC with JasperGold,
following the methodology in Section 3.

Baselines. We compare against two oracle-free baselines. First,
LLM-as-a-judge [8] uses an LLM to predict correctness from the
specification and implementation. We evaluate four judges and
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Table 1: Cross-judge ablation on CVDP. Results measured at
completion level. Bold denotes best per column.

Judge Gen. model FPR(%) Rec(%) Prec(%) Acc(%)
Gemini 2.5 Flash ~ Claude 19.1 61.8 82.8 69.5
Gemini 43.4 68.3 68.0 63.3
GPT 47.9 78.3 68.8 67.2
Qwen 10.5 49.5 85.7 67.2
Overall 29.4 64.0 74.7 66.8
Claude 3.7 Sonnet Claude 3.2 11.6 84.4 45.9
Gemini 5.4 18.8 82.4 51.0
GPT 3.6 18.0 87.2 51.4
Qwen 1.2 7.8 89.5 47.9
Overall 3.3 13.9 85.1 49.0
GPT-0SS-120B Claude 11.5 65.2 89.4 74.6
Gemini 26.5 63.4 76.3 67.7
GPT 37.1 75.1 73.2 69.9
Qwen 8.1 39.9 86.1 62.8
Overall 20.2 60.5 80.3 68.7
Qwen 3 Coder Claude 0.0 5.2 100.0 43.3
Gemini 2.4 5.8 76.5 44.9
GPT 2.1 11.1 87.5 48.0
Qwen 0.0 3.2 100.0 45.9
Overall 1.1 6.1 88.3 45.4

aggregate predictions at the specification level. Second, simulation-
based consensus clusters implementations by agreement under gen-
erated testbenches [6].

Metrics. We report precision (correct accepts / total accepts)
and coverage (accepts / evaluable specs) at the specification level,
with 95% Wilson confidence intervals [20]. When reported, false
positive (FP) rate normalizes false positives by the total number of
incorrect specifications, recall by the total number of correct ones,
and accuracy is the fraction of predictions matching ground truth.
Statistical significance is assessed using Fisher’s exact test when
comparing high- and low-consensus groups.

4.2 Why Formal Consensus?

We quantify the instability of LLM-as-a-judge- and testbench-dependent
oracle-free baselines:
4.2.1 LLM-as-a-Judge Ablation. We evaluate LLM-as-a-judge as a
correctness proxy using four judge models: Gemini 2.5 Flash [18],
GPT-0SS-120B [17], Claude 3.7 Sonnet [16], and Qwen 3 Coder [19].
Although ground-truth pass rates are similar across generating
models (55.9-59.7%), judge acceptance varies substantially with the
code generator: Gemini and GPT each exhibit a 33-point spread
across generators (Figure 2). The cross-judge ablation in Table 1
shows that this instability persists across judges: higher-recall
judges incur substantial false-positive rates, while conservative
judges reduce false positives primarily by abstaining. Thus, LLM-
as-a-judge does not provide a stable high-confidence triage signal.

4.2.2 Simulation-Based Clustering is Testbench-Dependent. To iso-
late the effect of the equivalence mechanism, we hold the RTL
candidate pool fixed and vary only the generated testbench used
for clustering. On the same candidate pool, simulation-based preci-
sion at model count (mc)>4 varies from 43% with Claude-generated
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Table 2: Selective prediction as a function of model count.
Each row defines a decision rule: accept specifications whose
largest cluster contains at least the indicated number of
model families.

Threshold Acc. Corr. FP  Precision 95% CI Coverage
>4 19 18 1 95% [0.75, 0.99] 27%
>3 23 20 3 87% [0.68,0.95] 33%
> 2 34 29 5 85% [0.70, 0.94] 49%
All 70 44 26 63% [0.51,0.73] 100%

testbenches to 84% with Gemini- and GPT-generated testbenches,
while formal SEC reaches 94.7% (Figure 3). Simulation agreement
is therefore partly a property of the generated testbench, not only
of the RTL candidates.

The following failure modes emerged as part of our analysis: For
the 64b/66b encoder task (specification ID 5), Claude-generated tests
place four CVDP-failing candidates and sixteen passing candidates
in the same mc=4 cluster because the stimulus does not exercise the
distinguishing behavior. On specification ID 122, a GPT-generated
testbench deadlocks after reset and produces no clusters despite all
candidates compiling. SEC merges candidates only under proven
equivalence and requires no stimulus, avoiding both failure modes.

Together, these results motivate formal consensus as the con-
fidence signal. Judge-based and simulation-based agreement are
properties of the evaluator and testbench, respectively, rather than
of the RTL candidates. NoTB instead defines agreement through
SEC, so cross-model consensus reflects the designs themselves.

4.3 NoTB Performance

4.3.1 Triage Performance. We evaluate whether cross-model agree-
ment under formal equivalence predicts functional correctness. For
each specification, we measure the model diversity of the largest
equivalence cluster and analyze how this signal relates to correct-
ness. Figure 3 and Table 2 summarize the result.

As shown in Table 2, correctness improves with model count
(mc). At the lowest threshold, mc> 1, precision is 63%, reflecting
the baseline difficulty of the benchmark. Increasing the threshold
to mc> 2 and mc> 3 raises precision to 85.3% and 87%, respectively.
At full four-family agreement, mc> 4, precision reaches 94.7%.
This trend shows that model diversity within the dominant SEC

Table 3: Leave-one-out ablation. Each row drops one model

family (5 completions) and re-clusters the remaining 3 fami-
lies. mc>3 means all models agree.

Dropped mc>3 mc>2 mc>1
model Prec Cov Prec Cov Prec Cov

Claude 90% 29% 82% 40% 63% 100%
Gemini 95% 27% 83% 43% 63% 100%
GPT 95% 27% 89% 40% 63% 100%
Qwen 100% 29% 81% 46% 63% 100%

cluster provides a calibrated correctness signal: stronger formal
cross-model agreement corresponds to lower empirical error risk.

SEC turns agreement into a property of the RTL implementa-
tions, rather than of a finite testbench. NoTB therefore prioritizes
high-consensus clusters while leaving lower-consensus cases in
the standard validation flow. The mc> 4 regime is the highest-
precision operating point, accepting 19 specifications at 94.7% pre-
cision and 27% coverage. The mc> 3 regime is a broader operating
point: it increases coverage to 33% while maintaining 87% precision.
This behavior is well aligned with early-stage RTL triage, where
the goal is not to classify every generated implementation, but to
identify the subset of specifications whose dominant behavior has
enough formal cross-model support to advance with lower false-
acceptance risk. The separation between high-consensus (mc> 4)
and low-consensus (mc< 4) regimes is statistically significant. Their
comparison yields p = 4.4 X 10~ under Fisher’s exact test. Taken
together, these results show that formal cross-model agreement
provides a reliable and calibrated basis for early-stage RTL triage.

4.3.2  Model Family Sensitivity. To assess whether any single model
family is load-bearing for the consensus signal, we re-cluster each
specification using only three of the four model families, drop-
ping all five completions from the omitted family. Table 3 reports
precision and coverage at each model-count threshold for each
leave-one-out setting.

Dropping Qwen leaves mc> 3 precision at 100%. Dropping
Claude reduces mc> 3 precision to 90%, indicating that Claude
completions provide useful discriminative coverage. Importantly,
high-precision triage remains possible in every leave-one-out set-
ting. NoTB’s confidence signal therefore does not depend on access
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to any particular model family, making the method portable across
deployment settings with different model availability.

4.3.3 Completions per Model. We vary the number of completions
(generated RTL samples) per model family, K € {1, 2, 3,4, 5}, and re-
compute model count using the corresponding formal-equivalence
clusters (Figure 4). At mc> 4, precision remains above 93% across
the sweep, while coverage increases from 14% at K = 1 to 27% at
K = 5. Gains diminish beyond K = 3, suggesting that a modest
number of samples per family captures most high-confidence cases.

Table 4: NoTB pipeline cost vs. baseline costs. All costs com-
puted from measured per-call token rates at current Open-
Router list pricing.

Stage Component Calls Cost
Claude 3.7 Sonnet 390  $12.29

Generation Gemini 2.5 Flash 390 $1.88
Qwen 3 Coder 390 $0.59
GPT-0OSS-120B 380 $0.17

Claude 3.7 Sonnet 77 TBs  $10.52

TB Gen. Gemini 2.5 Flash 78 TBs $3.64
GPT-0SS-120B 78 TBs $0.00

Claude 3.7 Sonnet 1,556  $27.99

Judge Gemini 2.5 Flash 1,556  $27.89
5 Qwen 3 Coder 1556 $5.00
GPT-0SS-120B 1,556 $0.00

SEC JasperGold 13,133 pairs  license

4.3.4 Cost Analysis. We quantify the monetary and computational
cost of NoTB across all 78 specifications. Table 4 summarizes candi-
date generation, judge-based evaluation, and formal equivalence.

Candidate generation is shared by all evaluated methods. Gen-
erating 20 implementations per specification across four model
families costs $14.93 over the full dataset. NoTB then performs
triage using local SEC checks. It does not require additional judge
calls or generated testbenches to construct its confidence signal.
In contrast, the LLM-as-a-judge baseline requires 1,556 additional
model calls in our evaluation.

Without pruning, comparing all candidate pairs would require up
to (220) =190 SEC invocations per specification. Hash-based dedu-
plication and transitivity pruning reduce this by roughly 32% on
average, though savings vary across specifications (Figure 5). Across
the dataset, the majority of SEC calls yield definitive equivalent or
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Figure 6: Median wall-clock time per specification as K varies.
The shaded region shows the 25th—75th percentile.

non-equivalent verdicts, with the remainder terminating during
elaboration or returning inconclusive. Only proven equivalences
contribute to clusters, so inconclusive results reduce coverage but
cannot introduce false merges.

Median wall-time per specification grows from 1 minute at K = 1
to 16 minutes at K = 5 (Figure 6). SEC calls are independent across
pairs and specifications, so the pipeline is parallelizable. Overall,
NoTB trades the per-call LLM spend of judge- and testbench-based
baselines for local SEC compute that parallelizes across pairs; the
baselines’ costs scale linearly with candidates and specifications,
while NoTB’s reduce to wall-clock on existing verification hardware.

5 Conclusion

NoTB is an oracle-free triage framework for LLM-generated RTL
that replaces testbench- and judge-based agreement with formal
cross-model consensus. Our approach leverages Sequential Equiva-
lence Checking to cluster candidate implementations using behav-
ioral agreement over the full input space, and scores each cluster
by the number of distinct LLM families represented in it. NoTB
outperforms existing oracle-free baselines by achieving up to 94.7%
precision at 27% coverage on 78 CVDP RTL-generation tasks across
four LLM families.

Acknowledgments

This work was supported in part by Amazon.com, Inc.



NoTB: Oracle-Free Triage of LLM-Generated RTL
via Cross-Model Formal Consensus

References

(1]

(10]

(11]

(12]

(13]

Mingjie Liu et al. “Invited Paper: VerilogEval: Evaluating
Large Language Models for Verilog Code Generation”. In:
International Conference on Computer-Aided Design (ICCAD).
2023, pp. 1-8. po1: 10.1109/ICCAD57390.2023.10323813.
Shailja Thakur et al. “Benchmarking Large Language Models
for Automated Verilog RTL Code Generation”. In: Design, Au-
tomation and Test in Europe Conference and Exhibition (DATE).
2023, pp. 1-6. po1: 10.23919/DATES56975.2023.10137086.
Yao Lu et al. “RTLLM: An Open-Source Benchmark for De-
sign RTL Generation with Large Language Model”. In: Asia
and South Pacific Design Automation Conference (ASP-DAC).
2024, pp. 722-727. por: 10.1109/ ASP - DAC58780.2024 .
10473904.

Nathaniel Pinckney et al. “Revisiting VerilogEval: A Year
of Improvements in Large-Language Models for Hardware
Code Generation”. In: ACM Transactions on Design Automa-
tion of Electronic Systems 30.6 (2025), 91:1-91:20. por: 10.
1145/3718088.

Zhongzhi Yu et al. “Spec2RTL-Agent: Automated Hardware
Code Generation from Complex Specifications Using LLM
Agent Systems”. In: 2025 IEEE International Conference on
LLM-Aided Design (ICLAD). 2025, pp. 37-43.

Zhuorui Zhao et al. “VRank: Enhancing Verilog Code Gen-
eration from Large Language Models via Self-Consistency”.
In: International Symposium on Quality Electronic Design
(ISQED). 2025, pp. 1-7. por: 10.1109/ISQED65160 . 2025 .
11014398.

Zhiyuan Yan et al. “AssertLLM: Generating Hardware Ver-
ification Assertions from Design Specifications via Multi-
LLMs”. In: Asia and South Pacific Design Automation Con-
ference (ASP-DAC). 2025, pp. 614-621. po1: 10.1145/3658617.
3697756.

Lianmin Zheng et al. “Judging LLM-as-a-Judge with MT-
Bench and Chatbot Arena”. In: Advances in Neural Informa-
tion Processing Systems 36 (NeurIPS 2023). 2023.

Xuezhi Wang et al. “Self-Consistency Improves Chain of
Thought Reasoning in Language Models”. In: The Eleventh
International Conference on Learning Representations (ICLR).
2023.

Bei Chen et al. “CodeT: Code Generation with Generated
Tests”. In: The Eleventh International Conference on Learning
Representations (ICLR). 2023.

Maher N. Mneimneh and Karem A. Sakallah. “Principles of
Sequential-Equivalence Verification”. In: IEEE Design & Test
of Computers 22.3 (2005), pp. 248—257. por: 10.1109/MDT.
2005.68.

Carl Pixley. “A Theory and Implementation of Sequential
Hardware Equivalence”. In: IEEE Transactions on Computer-
Aided Design of Integrated Circuits and Systems 11.12 (1992),
pp. 1469-1478. por: 10.1109/43.180261.

Zhijie Wang et al. “Towards Understanding the Character-
istics of Code Generation Errors Made by Large Language
Models”. In: Proceedings of the IEEE/ACM 47th International
Conference on Software Engineering (ICSE). 2025, pp. 2587~
2599. por: 10.1109/ICSE55347.2025.00180.

MLCAD 26, September 07-09, 2026, Jeju Island, Republic of Korea

Nathaniel Pinckney et al. “Comprehensive Verilog Design
Problems: A Next-Generation Benchmark Dataset for Eval-
uating Large Language Models and Agents on RTL Design
and Verification”. In: CoRR abs/2506.14074 (2025). por: 10.
48550/arXiv.2506.14074. arXiv: 2506.14074.

Yujia Li et al. “Competition-Level Code Generation with
AlphaCode”. In: Science 378.6624 (2022), pp. 1092-1097. DOI:
10.1126/science.abq1158.

“Claude 3.7 Sonnet System Card”. In: URL: https://api.
semanticscholar.org/CorpusID:276612236.

OpenAl gpt-0ss-120b & gpt-0ss-20b Model Card. 2025. arXiv:
2508.10925 [cs.CL]. URL: https://arxiv.org/abs/2508.10925.

Gheorghe Comanici et al. Gemini 2.5: Pushing the Frontier
with Advanced Reasoning, Multimodality, Long Context, and
Next Generation Agentic Capabilities. 2025. arXiv: 2507.06261
[cs.CL]. urL: https://arxiv.org/abs/2507.06261.

Ruisheng Cao et al. “Qwen3-Coder-Next Technical Report”.
In: arXiv preprint arXiv:2603.00729 (2026).

Edwin B. Wilson. “Probable Inference, the Law of Succession,
and Statistical Inference”. In: Journal of the American Sta-
tistical Association 22.158 (1927), pp. 209-212. por: 10.1080/
01621459.1927.10502953.


https://doi.org/10.1109/ICCAD57390.2023.10323813
https://doi.org/10.23919/DATE56975.2023.10137086
https://doi.org/10.1109/ASP-DAC58780.2024.10473904
https://doi.org/10.1109/ASP-DAC58780.2024.10473904
https://doi.org/10.1145/3718088
https://doi.org/10.1145/3718088
https://doi.org/10.1109/ISQED65160.2025.11014398
https://doi.org/10.1109/ISQED65160.2025.11014398
https://doi.org/10.1145/3658617.3697756
https://doi.org/10.1145/3658617.3697756
https://doi.org/10.1109/MDT.2005.68
https://doi.org/10.1109/MDT.2005.68
https://doi.org/10.1109/43.180261
https://doi.org/10.1109/ICSE55347.2025.00180
https://doi.org/10.48550/arXiv.2506.14074
https://doi.org/10.48550/arXiv.2506.14074
https://arxiv.org/abs/2506.14074
https://doi.org/10.1126/science.abq1158
https://api.semanticscholar.org/CorpusID:276612236
https://api.semanticscholar.org/CorpusID:276612236
https://arxiv.org/abs/2508.10925
https://arxiv.org/abs/2508.10925
https://arxiv.org/abs/2507.06261
https://arxiv.org/abs/2507.06261
https://arxiv.org/abs/2507.06261
https://doi.org/10.1080/01621459.1927.10502953
https://doi.org/10.1080/01621459.1927.10502953

	Abstract
	1 Introduction
	2 Related Work
	3 Proposed Methodology
	3.1 Multi-Model RTL Generation
	3.2 Formal Equivalence Clustering
	3.3 Incremental SEC Pruning
	3.4 Confidence as Model Diversity

	4 Evaluation
	4.1 Experimental Setup
	4.2 Why Formal Consensus?
	4.3 NoTB Performance

	5 Conclusion
	Acknowledgments

