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Abstract—Large Language Models (LLMs) are increasingly be-
ing explored for design and verification tasks in Electronic Design
Automation (EDA), including the generation of assertions, test
scenarios, coverage-driven methodologies, and other verification
artifacts. While early results are promising, practical adoption
remains limited by concerns over reliability, semantic correctness,
and the overall usefulness of generated outputs within real
verification flows. This paper proposes a reliability-oriented
framework for LLM-assisted verification artifact generation in
EDA, integrating contextual grounding, structured generation,
and verification-aware feedback to improve artifact quality across
multiple abstraction levels. The two case studies demonstrate
that assertion quality can vary substantially across modules,
reinforcing the need for systematic quality assessment of LLM-
generated assertions.

Index Terms—Hardware verification, large language models,
assertion generation, formal methods, AI in EDA

I. INTRODUCTION

Large Language Models (LLMs) are increasingly being
explored as assistants for hardware verification. One of the
most active directions is the generation of SystemVerilog
Assertions (SVA) from Natural Language (NL) requirements,
Register-Transfer Level (RTL) context, interface descriptions,
and design documentation. Since LLMs are particularly good
at Natural Language Processing (NLP), these tasks become a
natural use case. Assertions are valuable in both simulation and
formal verification, but writing them requires design knowl-
edge, understanding of temporal behavior, and careful map-
ping from informal intent to signals and timing. Recent works
have therefore studied LLM-based assertion generation from
complete specifications, structured design context, knowledge
graphs, and signal-mapping flows (cf. Section II-A).

Despite this progress, the generated assertions are not au-
tomatically useful. It may refer to the wrong signal, use the
wrong clock or reset, encode the wrong timing bound, or check
behavior that is only loosely related to the requirement. It may
also compile and prove while still providing little confidence.
In formal verification, this is the problem of vacuity. A
property may pass because its trigger is unreachable, because
assumptions exclude the interesting behavior, or because some
part of the property has no effect on the result. Earlier works on
vacuity detection showed that vacuous passes can compromise
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the usefulness of formal verification and reported that, in early
formal runs of new hardware designs, a significant fraction of
properties could pass vacuously [1]–[4]. Recent LLM-based
verification work has started to address parts of the quality
problem (cf. Section II-A). Some methods improve assertion
generation through structured specification extraction, RTL-
aware context, signal bridging, or functional-coverage feed-
back [5], [6]. Others focus on security properties and explicitly
aim to produce non-vacuous assertions [7]. However, a more
structured approach to provide reliable qualitative assurance
of the generated assertion is still missing.

Contribution: This paper proposes a reliability-oriented
framework for Assertion Assurance in LLM-assisted veri-
fication artifact generation. More concretely, we focus on
the post-generation quality assessment problem. Given a NL
requirement, RTL context, assumptions, and one or more
LLM-generated candidate assertions, the framework evaluates
whether each assertion should be accepted, repaired, or re-
jected. If an assertion proves, the framework applies various
vacuity checking techniques to determine whether the proof
is meaningful. If an assertion fails, the framework uses causal
counterexample analysis and failure localization to distinguish
likely assertion defects from possible design bugs. The output
is an Assertion Assurance Record, which summarizes the
evidence collected for each candidate assertion. The proposed
framework fits naturally within the iterative view of LLM-
assisted hardware verification, where an LLM proposes or
modifies a verification artifact, Electronic Design Automation
(EDA) tools evaluate it, and the result is used to refine the
next step. Prior work has described this style of interaction as a
prompt, verify, and repeat loop [8]. Our contribution is to make
the verification step more specific for generated assertions. We
argue that proof pass or fail is not a sufficient interface between
LLMs and verification tools. The interface should include
assurance evidence that helps engineers and tools understand
why a generated assertion passed, why it failed, and whether
it is worth keeping. We use this framework on assertions
generated by state-of-the-art LLM based assertion generation
tools from two modules from the OpenTitan suite [9] and
use them as a case study. Using the outcomes of these two
case studies, we substantiate our claim to the need for such
reliability-oriented frameworks.



II. PRELIMINARIES AND MOTIVATION

A. Related Work

Assertion-based verification (ABV) is widely used in hard-
ware verification because assertions improve observability,
support simulation and formal verification, and help detect
corner-case design errors. However, writing effective SVAs
remains difficult because assertions must accurately cap-
ture design intent, signal-level behavior, temporal constraints,
clocking discipline, reset semantics, and environmental as-
sumptions. Prior surveys show that assertion quality has a
direct effect on verification effectiveness, while manual as-
sertion development remains expertise-intensive and error-
prone [10]. Consequently, automatic assertion generation from
specifications, RTL structure, simulation traces, and design
documentation has been an active research area [11]–[17].

LLMs have recently been explored as flexible assistants for
generating hardware verification artifacts. [7] studied LLM-
generated security assertions and showed that prompt detail
strongly affects assertion quality. [18] explored circuit-aware
translation from natural language to SVA, emphasizing the
need to include design context when mapping specification
text to RTL signals. ChIRAAG [19] converts NL specifications
into a structured format before generating SVAs and uses
simulation log feedback to repair generated assertions. LAAG-
RV [20] improves signal synchronization by providing both
Verilog design information and specification text to the LLM,
followed by simulator-guided refinement. AssertLLM [6] and
AssertLLM2 [21] further decompose assertion generation into
specification extraction, signal mapping, and SVA generation,
showing that full-document processing and explicit signal
mapping can improve structural and functional correctness.
These methods demonstrate the potential of LLM-assisted
SVA generation, but they also show that direct generation is
not reliable without context, feedback, and review.

Several works extend the use of LLMs beyond asser-
tion generation to broader verification and debugging tasks.
Domain-adapted LLMs have been studied for VLSI design and
formal verification, showing that hardware-specific adaptation
can improve performance over generic models of similar size
[22]. LLMs have also been applied to HDL bug identification
and patching using retrieval-augmented generation [23], [24],
RTL syntax repair [5], and RTL debug automation [25].
Hardware-security-focused debugging has similarly motivated
domain-specific LLMs trained on design defects and fixes [26].
These works are relevant because they show a common trend:
LLM outputs in EDA are useful only when combined with
domain context, tool feedback, and structured evaluation.

Benchmarking and evaluation efforts have also emerged
to assess LLM capability in hardware verification. FVEval
provides a benchmark for evaluating LLM performance on
formal verification tasks, including NL-to-SVA and RTL-
guided assertion generation [27]. OpenLLM-RTL provides
infrastructure and datasets for evaluating LLM-aided RTL
generation and verification tasks [28]. Other studies examine
LLM use in processor verification [29], software/hardware co-

design for LLM-based design verification [30], and automated
incremental proof generation [31]. These works provide impor-
tant evaluation infrastructure, but benchmark metrics such as
syntax correctness, pass rate, or coverage do not fully answer
whether a generated assertion should be accepted into a real
verification flow.

Recent work has also explored verification-aware feed-
back loops. Mutation testing has been used to evaluate the
usefulness of LLM-generated invariants and formal prop-
erties [32]. LISA combines retrieval-augmented generation,
chain-of-thought reasoning, formal verification, and coverage
feedback to generate and refine SVAs [33]. AssertionForge
constructs a structured representation of specifications and
RTL to improve assertion generation through better con-
textual grounding [34]. AssertGen bridges high-level veri-
fication objectives to RTL signals using cross-layer signal
chains before generating assertions [35]. Fine-tuned assertion-
generation approaches have also been proposed to reduce
syntax and functional errors through subtask-specific prompt-
ing and iterative refinement [36]. These methods improve the
generation process, but their main objective remains producing
better assertions rather than producing a structured assurance
decision for each generated assertion.

Security-oriented assertion generation has developed in par-
allel and is particularly relevant because it emphasizes non-
vacuity, coverage, and vulnerability relevance. LASP generates
security properties from System-on-Chip (SoC) specifications,
RTL features, and security assets [37]. LASSO uses LLM-
aided property generation for assertion-based SoC security
verification [38]. FV-PAL combines structural partitioning with
LLM-guided property generation for scalable formal verifi-
cation [39]. SPELL maps SoC security concerns into LLM-
guided secure design and verification artifacts [40]. HADA
uses multi-source data to train LLMs for hardware security
assertion generation [41], while LAMBDA uses LLM-assisted
assertions for malicious bug detection in hardware designs
[42]. These works show the importance of non-vacuity and
coverage-aware property generation, but their focus is mainly
security-specific property generation rather than a general
post-generation assurance layer for arbitrary LLM-generated
assertions.

The need for such an assurance layer is supported by classic
formal verification research. Vacuity detection asks whether a
property passed for a meaningful reason or because some part
of the property had no effect on the result [2], [3]. This is
especially important for LLM-generated assertions because an
assertion may look plausible, compile successfully, and even
prove while checking little or none of the intended behavior.
Counterexample explanation helps engineers understand why a
property failed by identifying relevant states, signal values, and
transitions in the failing trace [1]. Causality and responsibility
provide a basis for reasoning about which components of a
model or formula influence a verification outcome [4]. These
ideas were originally developed for human-written specifi-
cations and formal models, but they are directly applicable
to LLM-generated assertions because they provide evidence



about whether a generated assertion is meaningful, sensitive
to the intended behavior, and useful for debugging.

Overall, prior work shows a clear progression from rule-
based NL assertion generation to LLM-assisted SVA genera-
tion, and then to grounded, tool-assisted, and feedback-driven
verification flows. Existing methods have made strong progress
in generating assertions from specifications, binding them to
RTL context, improving them through simulation or formal
feedback, and evaluating them through coverage or mutation
testing. However, most approaches remain generation-centered
as they ask how to produce better assertions. The complemen-
tary question remains insufficiently addressed, after an LLM
has generated an assertion, what evidence is needed before
that assertion should be trusted?

B. Running Example

To motivate the need for post-generation assertion assur-
ance, consider a simple arbiter requirement:

“If ‘req’ is asserted outside reset, then ‘grant’
must be asserted within one to three cycles.”

A reasonable SVA for this requirement is shown in List-
ing 1. The assertion uses the active-low reset only in the
disable iff condition and checks that every request is
followed by a grant within the required latency window.

Listing 1: A reasonable assertion for the request-grant require-
ment.
assert property (@(posedge clk) disable iff (!rst_n)
req |-> ##[1:3] grant

);

Now suppose an LLM generates the candidate assertion in
Listing 2. At first glance, the assertion appears close to the
requirement. It uses the correct clock, the correct reset signal,
and the expected request-grant timing window. A formal tool
may also prove it.

Listing 2: A plausible but vacuous LLM-generated assertion.
assert property (@(posedge clk) disable iff (!rst_n)
(req && !rst_n) |-> ##[1:3] grant

);

However, the proof is not meaningful. The property is
disabled whenever !rst_n is true, while the antecedent
also requires !rst_n. As a result, the antecedent can never
be evaluated. The assertion passes because the trigger is
unreachable, not because the design satisfies the request-grant
requirement.

This example shows why proof status alone is not enough.
A flow that accepts generated assertions after syntax checking
and formal proof would mark Listing 2 as successful. A
verification engineer, however, would want to know whether
the trigger is reachable, whether the consequent matters, and
whether the proof depends on the timing bound. For this
candidate assertion, a witness obligation such as Listing 3
would be unreachable.

Listing 3: Witness obligation exposing the unreachable an-
tecedent.

cover property (@(posedge clk) disable iff (!rst_n)
(req && !rst_n)

);

The same issue can be exposed through counterfactual edits.
For example, replacing the consequent with 1’b0, as shown
in Listing 4, should normally make a request-grant assertion
fail if the request trigger is reachable. If the edited assertion
still proves, then the consequent was not influencing the proof
result.

Listing 4: Counterfactual edit testing if the consequent matters.
assert property (@(posedge clk) disable iff (!rst_n)
(req && !rst_n) |-> ##[1:3] 1’b0

);

For Listing 2, the reset and antecedent conflict would receive
high responsibility for the vacuous pass, while grant and the
delay range ##[1:3] would receive little or no responsibility
because they are never exercised. The proper repair is to
remove !rst_n from the antecedent and rely on the reset
guard, leading back to the assertion in Listing 1.

The opposite problem can also occur. Consider another
LLM-generated assertion for the same requirement, shown in
Listing 5. This assertion is not vacuous, but it encodes a timing
bound that is too strict.

Listing 5: An assertion with an overly strict timing bound.
assert property (@(posedge clk) disable iff (!rst_n)
req |-> ##[1:2] grant

);

This assertion may fail on a correct design if grant arrives
in the third cycle after req. A counterexample trace may look
like Listing 6.

Listing 6: Counterexample trace for a valid third-cycle grant.
cycle 5: req = 1
cycle 6: grant = 0
cycle 7: grant = 0
cycle 8: grant = 1

The trace shows that the design responds within three
cycles, which is allowed by the requirement, but not by the
generated assertion. The proper action is not to reject the
design. The proper action is to repair the assertion by changing
the timing range from ##[1:2] to ##[1:3].

These two cases show the central problem addressed in
this paper. A passing generated assertion may be vacuous,
and a failing generated assertion may be incorrect rather than
bug-revealing. Therefore, LLM-generated assertions should
be treated as candidate artifacts that require post-generation
assurance. The next section presents a framework that checks
such assertions using vacuity analysis, witness obligations,
counterfactual edits, causal counterexample analysis, respon-
sibility ranking, and structured repair feedback.

III. RELIABLE LLM-ASSISTED VERIFICATION ARTIFACT
GENERATION

A. Overview
This section presents a post-generation assurance framework

for LLM-generated assertions. The framework does not as-



sume a particular assertion generation method. Instead, it starts
from the point where one or more candidate assertions have
already been produced by an LLM-assisted flow. The goal
is to determine whether each candidate assertion should be
accepted, repaired, or rejected before it is used in a verification
environment. The complete flow is shown in Fig. 1. For
each generated assertion, the framework first performs context
alignment, then runs formal evaluation. Proved assertions enter
the pass-side branch, where vacuity, witness, counterfactual,
and responsibility checks determine whether the proof is
meaningful. Failed assertions enter the fail-side branch, where
causal counterexample analysis and failure localization deter-
mine whether the assertion should be repaired or whether the
trace should be reviewed as a possible RTL bug. The output of
either branch is an accept, repair, or reject decision, together
with an Assertion Assurance Record.

Given a NL requirement R, RTL context C, formal as-
sumptions A, and a set of LLM-generated candidate assertions
S = {s1, s2, . . . , sn}, the framework evaluates each assertion
using formal evidence and diagnostic checks. The requirement
describes the intended behavior. The RTL context provides
nomenclature, hierarchy, mapping, and protocol details. The
assumptions describe allowed input behavior and environment
constraints used by the formal setup. The candidate asser-
tions may come from any LLM-assisted assertion generation
method. The key idea is that the LLM output is treated as a
proposal rather than a finished verification artifact. The frame-
work uses formal evaluation as the entry point into a broader
assurance process. This process checks for vacuous properties,
explains informative failure, ranks likely causes, and produces
structured feedback for repair. In the next sections, we discuss
each step in detail.

B. Assertion-Context Alignment

The first stage aligns each generated assertion with the avail-
able design context. This step checks whether the assertion can
be meaningfully evaluated against the RTL and assumptions.
In practice, many LLM-generated assertions fail before deeper
reasoning is possible because of issues with nomenclature
and encoding. The alignment stage checks whether referenced
signals exist, whether clock and reset usage match the RTL
context, and whether the assertion conflicts with known as-
sumptions. This stage is not intended to prove that the assertion
is correct. Its purpose is to decide whether the assertion is
grounded enough to enter formal evaluation. For example, if
an assertion refers to grant_valid but the interface only
contains grant, the assertion is flagged for repair or rejection.

C. Formal Evaluation

After alignment, each candidate assertion is evaluated using
a formal property checker or assertion checking engine. The
formal result is divided into two main branches. If the assertion
proves, the framework performs pass-side assurance to deter-
mine whether the proof is meaningful. If the assertion fails, the
framework performs fail-side diagnosis to determine the cause
of failure. This distinction is important because a pass and a

fail are both ambiguous for LLM-generated assertions as each
can arise from multiple underlying causes (see Section II-B).
D. Pass-Side Assurance

When a generated assertion proves, the framework first
checks whether the proof is vacuous. Consider the request-
grant requirement from Section II-B. If the generated assertion
is written as Listing 2, then the assertion may prove, but the
proof is not meaningful. The antecedent requires !rst_n,
while the property is disabled whenever !rst_n is true.
The framework classifies this as reset-dominance vacuity be-
cause the reset condition prevents the intended trigger from
being evaluated. To support a vacuity result, the framework
generates witness obligations for the proof. The framework
then applies counterfactual assertion edits. These are small
diagnostic changes to the candidate assertion, used to test
whether the proof depends on the right components. The edits
may replace the consequent with 1’b0, replace it with 1’b1,
change the delay range, remove or invert a reset condition, or
weaken and strengthen parts of the antecedent. These edits are
not intended to create replacement assertions for use in the
verification environment. They are probes that help determine
which components matter to the verification result. If both the
original and edited assertions prove, then the consequent may
not be influencing the result. This suggests that the trigger may
be unreachable or that the assumptions exclude the interesting
case. In this way, counterfactual edits provide a practical test
of causal relevance. A component is treated as meaningful
only if changing it changes the proof, vacuity, witness, or
counterexample outcome. The results of these checks are
summarized through a responsibility ranking. Responsibility
is used here as a lightweight diagnostic score rather than
as a complete formal computation over the entire RTL state
space. A component is assigned higher responsibility if a small
change to that component changes the observed verification
outcome. A component receives low or zero responsibility
if changing it has no effect. In the reset-dominance example
from Section II-B, the conflict between the reset guard and the
antecedent receives high responsibility, while grant and the
delay range receive little or no responsibility because they are
never exercised. This ranking gives the repair stage a concrete
target.
E. Fail-Side Diagnosis

When a generated assertion fails, the framework analyzes
the counterexample before deciding whether to repair the
assertion or report a possible RTL bug. This is necessary
because generated assertions can fail for reasons unrelated to
the design. The framework performs causal counterexample
analysis by identifying the signal values and time steps that are
relevant to the failure. The analysis focuses on the signals used
in the assertion and the portions of the trace that determine
whether the property holds. The failure diagnosis is then
converted into repair feedback.

F. Decision: Repair, Rejection, and Acceptance
After pass-side or fail-side analysis, the framework decides

whether the assertion should be accepted, repaired, or rejected.
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Fig. 1: Overview of reliable LLM-assisted verification artifact generation framework

An assertion is accepted only when the collected evidence
supports its usefulness. In the pass case, this means that
the assertion is aligned with the RTL context, proves non-
vacuously, has reachable witness obligations, and contains
requirement-critical components that influence the result. In
the fail case, this means that the failure is consistent with the
requirement and should be reviewed as a possible design issue.
An assertion is repaired when the framework can localize
the defect and generate feedback that is likely to preserve
the original requirement. Typical repairs fix shallow assertion
errors such as wrong polarity, loose timing, or near-miss
signal names. In such cases, the structured diagnosis is sent
back to the LLM or to the verification engineer. The revised
assertion is then evaluated again using the same assurance
flow. An assertion is rejected if it is irrelevant, unrepairable,
vacuous, RTL-inconsistent, or undiagnosable. Rejection is also
appropriate when the original requirement is too ambiguous to
support a meaningful assertion without human clarification.

G. Assertion Assurance Record

The final output of the framework is an Assertion Assurance
Record. This record summarizes the evidence collected for a
candidate assertion. It is not a proof certificate and does not
claim that the assertion is sufficient for signoff. Its role is to
make the acceptance, repair, or rejection decision traceable.
The record includes the requirement identifier and text, the
candidate assertion, the RTL signals used, the clock and reset
context, the assumptions, the proof result, the vacuity result,
the witness results, the counterfactual edit results, the responsi-
bility ranking, the counterexample diagnosis when applicable,
the repair history, the final decision, and the human-review
priority. An example record for the repaired request-grant
assertion is shown in Listing 7.

Listing 7: Example Assertion Assurance Record for an ac-
cepted assertion.
Assertion Assurance Record

Requirement:
If req is asserted outside reset, grant must arrive

within 1 to 3 cycles.

Candidate assertion:
@(posedge clk) disable iff (!rst_n)

req |-> ##[1:3] grant

Context:
clock: clk
reset: rst_n, active low
signals: req, grant

Formal result:
PASS

Vacuity:

non-vacuous

Witness obligations:
antecedent reachable: yes
full req-grant sequence reachable: yes

Counterfactual edits:
consequent replaced by 0: proof fails
timing changed to ##[4:6]: proof fails
reset inverted: trigger unreachable

Responsibility ranking:
req trigger: high
grant consequent: high
timing bound ##[1:3]: high
reset guard: high

Repair history:
one repair iteration

Decision:
accept

Review priority:
low

For a vacuous assertion, the same record format captures
the diagnosis and repair feedback, as shown in Listing 8.

Listing 8: Example Assertion Assurance Record fields for a
repaired vacuous assertion.
Decision:
repair

Diagnosis:
reset-dominance vacuity

Repair feedback:
The antecedent requires reset to be active while
the assertion is disabled during reset. Remove
!rst_n from the antecedent and rely on
disable iff (!rst_n).

H. Preliminary Case Study

This section presents two case studies to reinforce the need
for quality assessment of the assertion generated through the
use of LLMs. We apply our framework to the assertions
generated using the AssertLLM2 [21] for the two OpenTitan
modules [9] i.e., CSRNG and AONTimer. We selected 3 files
from the CSRNG module and 4 files from the AONTimer
module. The total Lines of Code were similar for both
modules (≈ 2000 LoC). We used Qwen3-coder:30b for these
experiments with temp 0 and 16k token limit.

Table I shows the number of generated assertions for the
given module against the number of vacuous assertions within
the generated assertions. The LLM produced reliable asser-
tions that passed the quality check for the CSRNG module,
but this outcome did not carry over to the AONTimer. Of
the 32 assertions generated, only 12 passed the framework’s
context alignment and formal evaluation check. JasperGold



then proved 7 of these, while the remaining 5 failed. Of
the 7 proven assertions, 5 were usable and 2 were vacuous.
The key finding is that, despite the two modules being of
comparable size, one produced an overwhelming share of
unusable assertions (27 of 32) underscoring the need for
quality measures on LLM-generated assertions.

TABLE I: Vacuous Assertion Assessment

Case Study AssertLLM2 Post-generation
Assurance Framework

Generated Accepted Proved Counter
Examples Vacuous

CSRNG 14 8 8 0 0
AONTimer 32 12 7 5 2

IV. CONCLUSION

LLMs are increasingly being explored for design and veri-
fication tasks in EDA, including the generation of assertions,
test scenarios, coverage-driven methodologies, and other ver-
ification artifacts. While early results are promising, practical
adoption remains limited by concerns over reliability, semantic
correctness, and the overall usefulness of generated outputs
within real verification flows. This paper proposes a reliability-
oriented framework for LLM-assisted verification artifact gen-
eration in EDA, integrating contextual grounding, structured
generation, and verification-aware feedback to improve artifact
quality across multiple abstraction levels.
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