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Abstract—Formal Property Verification (FPV) makes the verifi-
cation of industry-scale hardware designs feasible by putting the
focus on desired properties that need to be satisfied. However,
writing System-Verilog Assertions (SVAs) based on textual speci-
fications to model these properties is time-intensive and prone to
errors. This can be attributed to the verbosity and ambiguity of
natural language used to specify system behavior. Large Language
Models (LLMs) have been proposed to mitigate errors, cut costs,
and reduce time-to-market during property generation. While
prior works have shown the potential of LLMs in this regard,
there are several limitations that need to be investigated, e.g., the
consideration of only small design sizes, a lack of incorporation
of formal tools, or a focus on only specific types of properties.

In this work, we mitigate these limitations and introduce a
modular, end-to-end pipeline for FPV using LLMs. The evalua-
tion stage is directly integrated with a formal verification tool,
making use of tool feedback in the loop to improve the quality of
generated assertions. Our pipeline is built to act as a baseline for
future research, allowing easy integration of further processing
steps and refinements. We demonstrate the effectiveness of our
proposed approach on two OpenTitan IP modules, evaluating
both syntactic and semantic quality of LL.M-generated assertions
and comparing our results to a zero-shot baseline. Experimental
results show that the assertion pass rate can be improved by
more than 2x and formal coverage can be improved by 86%
with our pipeline compared to the baseline.

I. INTRODUCTION

With the increasing size of hardware designs, new chal-
lenges arise throughout the Electronic Design Automation
(EDA) flow [1]. Verification is especially affected, as formal
methods gain relevance when exhaustive simulation becomes
infeasible, but at the same time suffer from the challenge of
scalability themselves [2]. Formal Property Verification (FPV)
addresses this problem, moving away from proving correctness
under all input vectors toward specific properties a design has
to satisfy [3]. This approach enables formal verification of
industry-scale hardware designs [4], but shifts the verification
complexity to writing good System-Verilog Assertions (SVAs)
to model these properties. In particular, questions about the
high manual effort and error-sensitivity of translating textual
specifications to formal properties can be raised due to the
ambiguity of natural language [5].

Recently, the use of Large Language Models (LLMs) for this
task has been extensively discussed, with the aim of reducing
time-to-market and ideally mitigating errors. Shahidzadeh et
al. [6] show high coverage of generated assertions but do not
evaluate industry-scale designs, while ChIRAAG [7] does not
report any coverage results. Paria et al. [8] and Kande et al. [9]

focus on the generation of properties related to security verifi-
cation. LISA [10] attempts to achieve coverage closure through
iteration but is limited to the specific verification setup. A
variety of other works investigate further optimizations to
specific parts of the generation process, e.g., AssertLLM [11],
SANGAM [12], SuperSAGA [13], AssertMiner [14], and the
work by Quddus et al. [15]. Reviewing the state-of-the-art
reveals a rapid development of frameworks for the integration
of LLMs for FPV. However, existing works leave little room
for evolution and only focus on specific parts of the workflow.

To address this gap, in this work, we present a modular, end-
to-end pipeline for FPV using LLMs. It divides the process
of end-to-end FPV into four distinct stages, pre-processing,
generation, post-processing, and evaluation, finally allowing
for an analysis of FPV results by a human expert. Pipeline
stages are targeted at dealing with industry-scale hardware
designs and integrate formal tools to improve the quality of
generated assertions. While we propose concrete processing
steps within these four stages, our modular pipeline aims
to serve as a baseline for future research by allowing for
easy integration of further approaches and optimizations at
each stage. To evaluate the proposed workflow, we compare
it with a zero-shot baseline on two industry-scale open-source
OpenTitan [16] Intellectual Property (IP) designs. In summary,
we make the following contributions.

o Introduce a modular, end-to-end FPV pipeline with
prompt templates for property generation using LLMs,
which can deal with industry-scale hardware designs and
complex specification documents.

o Implement pipeline stages for easy extendability and
directly integrate the evaluation stage into the pipeline
with a formal tool in the loop.

« Demonstrate the effectiveness of our proposed pipeline
by showing improvements over a zero-shot baseline on
two OpenTitan IP designs, considering syntactic quality
(number of valid assertions), as well as semantic quality
(correctness and coverage of properties).

In the following, Section II introduces preliminary informa-
tion to keep this work self-contained. Section III introduces
our modular, end-to-end pipeline, which transforms a set
of specification documents to a complete FPV evaluation.
Section IV experimentally evaluates our proposed pipeline on
two industry-scale hardware modules. Section V concludes our
work and provides an outlook into future research directions.



’ Specification pre-processing

Bre-

: Specification

</> —

| Prompt Construction

Prompt Template

Chunks

2 [

Property IR

i Functional IR

Assertion post-processing
[TTTT]

=@ .

nnn :
Design |

FPV evaluation

Linted >
I Ps S|
; Formal Verification

Tool

Analysys

Results

Fig. 1. Our proposed end-to-end pipeline is composed of four stages: specification pre-processing, assertion generation, assertion post-processing and FPV
evaluation. It takes a set of specification documents as input and outputs a complete evaluation of FPV results to be analyzed by a human expert. Each stage
is built in a modular fashion, i.e., individual processing steps can be added, removed or modified in a simple way.

II. PRELIMINARIES
A. Large Language Models

LLMs are transformer-based Artificial Intelligence (Al)
models designed for Natural Language Processing (NLP) tasks
and trained on huge corpora of data. They process text in the
form of tokens, utilizing the self-attention mechanism and its
parameter weights to generate a coherent next output token
sequence based on the previous context [17]. Input sequences
are referred to as prompts, which provide a structured way
to instruct the LLM to execute a given task. Prompts can be
refined in several ways, e.g., by providing n example outputs
via n-shot prompting, by filling run-specific data in a prompt
template, or by widening the context with Retrieval Augmented
Generation (RAG). Some LLM providers make weights pub-
licly available in open-weight models, enabling them to be
run locally. Other providers do not disclose weights, making
their closed-weight models accessible through an Application
Programming Interface (API). Since the rise of LLMs, various
applications have been proposed in the EDA domain [18],
especially in the fields of design and verification [19]-[21].

B. Formal Property Verification

FPV is a static Assertion Based Verification (ABV) approach
that formally verifies whether all possible behaviors of a given
design satisfy a given set of properties [3]. It belongs to the
model checking branch of formal verification [2] and has
long been established in industry use as a suitable abstrac-
tion level for formal verification [4]. The general idea of
FPV is to write properties that are then asserted, i.e., they
have to be satisfied by the Register Transfer Level (RTL)
design. Properties can generally be formulated freely, but
usually follow different forms, like invariants or implication
properties. The language used to describe properties depends
on the Hardware Description Language (HDL) used for the
implementation of the design. Previous work on the integration
of LLMs for FPV focuses mainly on the generation of SVA
for SystemVerilog [22] designs [6], [11], [12].

Once the properties are written, FPV is conducted us-
ing a formal verification tool, where open-source variants
like SymbiYosys [23] and commercial variants like Cadence
JasperGold [24] exist. The proof of the property itself depends

on the checker employed by the tool. Generally, a combination
of bounded model checking [25] and k-induction [26] is used
to guarantee an unbounded proof.

III. PROPOSED MODULAR END-TO-END PIPELINE
A. Overview

Figure 1 shows an overview of our proposed pipeline. As
input, the pipeline receives a set of specification documents for
a given design in textual form. As output, the pipeline provides
complete FPV evaluation results, which can then be analyzed
by a human expert. Our pipeline is divided into four stages,
each with a distinct purpose. In the first stage, specification
documents are pre-processed into an LL.M-suitable format. In
the second stage, assertions are generated with the help of a
carefully engineered prompt. In the third stage, assertions are
post-processed to align them with the RTL implementation. In
the fourth stage, FPV evaluation is carried out directly as part
of our pipeline. Within these four stages, the pipeline goes
through several processing steps. Each of these processing
steps is conducted with a custom prompt by an LLM and
produces an output in JavaScript Object Notation (JSON)
format, which is further transformed in subsequent steps. Note
that all LLM calls follow the same flow as shown in the
assertion generation stage in Figure 1, where a prompt is
constructed from a prompt template and incoming data from
a previous processing step is passed to the LLM. Also note
that for all steps, the same LLM is used, which is chosen by
the user. In the following, we go into detail on each of the
four pipeline stages and outline how processing steps conduct
their transformations.

B. Specification Pre-Processing

The purpose of the first pipeline stage is to break down com-
plex specification documents by pre-processing. Especially
for industry-scale hardware designs, the number and length
of their specification documents can hinder the ability of
LLMs to identify relevant properties and generate high quality
assertions. Properties may also be specified in different parts
of the specifications, or multiple properties may be hidden
within a single sentence, as illustrated by Listing 1. In addition,
specification documents may be written in different styles
and for different target audiences, creating a divergence in



Listing 1. Example snippet of a natural language specification

Each FSM is disabled when ‘enable‘ is low.

Disabling the FSM is equivalent to an FSM reset, and both
operations place the FSM in the ‘IDLE' state.

While in ‘IDLE‘, the other state machine registers assume
their default states:

The internal counters, the clock-divide, ‘bit_cnt' and
‘rep_cnt' all reset to 0, as does ‘pcl_int’.

assertion quality. To combat these issues, we transform all
relevant specification documents for a given design into a set
of properties in an Intermediate Representation (IR) format
in three processing steps. In the first step, all specification
documents are split into chunks, where coherent parts of the
specification describing a certain functionality are extracted.
The contents of the specification in these chunks remain
unchanged, and they are mapped to the specification document
from which they originate. As a next processing step, the
extracted specification chunks are transformed into a structured
functional description, keeping track of relevant signal names
and identifiers given in the specification documents. Relevant
functional information, such as affected registers, timing con-
straints, and clock domains, is also part of this functional IR.
In the final specification pre-processing step, this functional IR
is transformed to a property IR, which aims to match the struc-
ture of assertions to be generated next, while still remaining
on the abstraction level of natural language. With this property
IR, we ensure that complex specification documents are split
into appropriately sized chunks and represented in a common
style that is suitable for translation to SVAs in the next pipeline
stage.

C. Assertion Generation

In the second pipeline stage, assertions are generated from
the pre-processed specification. To this end, we employ the
prompt template shown in Listing 2. In the beginning of
the prompt, the context is established, and the general task
is outlined. Next, the shape of the JSON input is defined,
so the LLM can process it correctly. SVA construction rules
guide the assertion generation by providing rules regarding
different aspects, e.g., proper clock and reset handling. For
the output format, the concrete JSON schema is defined,
which contains an assertion object for each generated SVA.
In addition to the SVA itself, this assertion object documents
a status determined by the LLM, a potential error reason, and
the natural language property to which the SVA maps. The
global status indicates whether all assertion objects pass, some
need further input or there are some errors. Instructions on this
global status are given to the LLM after the output format
definition. The failure path information describes how the
LLM should behave in case of errors and notes provide further
formatting requirements. Finally, the property IR produced in
the specification pre-processing step is filled in the prompt
template. The LLM generates assertions based on the prompt
created from this prompt template for a given execution of the
pipeline. Once assertions are generated, they are passed onto
the next pipeline stage for assertion post-processing.

Listing 2. Prompt template for the generation of assertions
You are a senior SystemVerilog Assertion (SVA) engineer.
Convert the given property specifications into VALID
IEEE 1800 SVA that preserves intent and timing. Act
deterministically in ONE pass and then STOP.
INPUT SHAPE:
— Input will be provided inline as JSON.
- The input may be:
- a JSON array of items, OR
— a JSON object containing an array at path
"properties", OR
- a JSON object containing an array at path
"properties.properties".

SVA CONSTRUCTION RULES:

OUTPUT FORMAT (exactly one JSON object; no prose, no code
fences, no extra text):
{{
"assert_obj": [
{{
"status": "ok" | "needs_input" | "error",
"error": "Non-empty reason if status!=’ok’; else
AT\O,
"functionality": "Brief note of what is asserted and
any clock/reset assumptions.",
"nl_property": "If NL text was used, copy it; else a
minimal summary from structured fields.",
"sva": "One complete SVA (property + assert) with
\\n escapes and a trailing \\n; MUST be ’’ if
status!="ok’."
}}
]

’
"global_status": "ok" | "partial" | "error"

b}
GLOBAL STATUS:

FAILURE PATH (no loops):

NOTES:

INPUT (already substituted below) :
<Property IR>

D. Assertion Post-Processing

The purpose of the third pipeline stage is to improve the
quality of generated assertions by post-processing. The SVAs
generated in the previous stage ideally correspond to the
behavior specified in the property IR, but might not be aligned
with the RTL implementation. To achieve this alignment and
improve syntactic validity, we extract a list of signal names
from the RTL design, to match it with the identifiers used in
the generated assertions. It is important to note that no further
implementation details are extracted from the RTL design,
so that assertions are based purely on the specification and
a bias to replicate the implemented functionality is avoided.
The mapping step receives the extracted signal list, together
with the assertions generated in the previous pipeline stage. In
this first post-processing step, the assertions are rewritten to
use only identifiers from the signal list. If there are multiple
candidates for the signal name, the LLM should choose the
most likely candidate and record a confidence score that it
selected the correct one. In the resolving step, assertions with
unresolved identifiers or a low confidence score below 0.7
are filtered out, to only evaluate SVAs which have a high
probability to improve verification quality. As a final post-
processing step, assertions are syntactically validated with a
formal verification tool in the loop. To this end, each SVA is
embedded in a minimal template and linted by the formal tool.
For each provided error message, a feedback snippet is given



Listing 3. Example property before (top) and after (bottom) post-processing

property prop_done_chO_event;

@ (posedge clk_i) disable iff
Srose (event_done_ch0_1)

endproperty

assert property (prop_done_chO_event);

property prop_done_chl_event;

@ (posedge clk_i) disable iff
Srose (event_done_chl_1)

endproperty

assert property (prop_done_chl_event);

(!rst_ni)
|-> ##1 (!event_done_ch0_1)

(!rst_ni)
|-> ##1 (!event_done_chl_1);

property prop_done_ch_event_separation;
@ (posedge clk) disable iff (!rst_n)

((done_chO && !$past (done_ch0)) |-> ##1 (!$rose(

done_ch0))) && ((done_chl && !$past(done_chl)) |->
##1 (!Srose(done_chl)));
endproperty

assert property (prop_done_ch_event_separation);

to the LLM, with the task of fixing the detected syntax error.
It is important to note that the LLM is instructed to fix only
syntactic validity, without changing the semantics of the SVA.
The number of iterations of this feedback loop by the formal
verification tool can be configured by the user and defaults to
one. An example of a property before and after post-processing
is displayed in Listing 3. Note that not all generated properties
will follow the same pattern, e.g., different properties may
reason over different clock domains or reset states. After this
assertion post-processing stage, we obtain a mapped, resolved,
and linted set of assertions which are ready to be used for FPV
evaluation in the final pipeline stage.

E. Formal Property Verification Evaluation

In the final pipeline stage, the processed assertions are
evaluated and FPV is carried out. An important aspect of our
end-to-end pipeline is the fact that this evaluation stage is
directly integrated, i.e., no manual intervention is required. As
a first step, all post-processed assertions are merged in an SVA
block to allow simultaneous evaluation. This block is merged
into a design-specific assertion module, which contains all rel-
evant signal definitions for binding to the RTL implementation.
Since we evaluate OpenTitan modules with our pipeline, we
utilize the dvsim tool provided in the OpenTitan repository
to perform FPV. As a formal verification tool, we employ
Cadence JasperGold by default. Once FPV has been executed
by dvsim, we process its output to generate an evaluation
log, allowing for an easy analysis by a human expert. The
format of our evaluation log is outlined in Listing 4. First, it
lists metadata related to the FPV, including the name of the
module, the path to the assertion module, and the path to the
log generated by dvsim. Next, a summary of the FPV results is
given, starting with the return code of dvsim and a task-specific
name. Metrics on the generated SVAs include the number of
errors, the number of successfully proven SVAs and the pass
rate across all assertions. Regarding the coverage of the RTL
design, formal, stimuli, and checker coverage evaluated by
JasperGold are reported. To allow for an analysis of which
SVAs are incorrect, failing, or unreachable, they are recorded.
The summary window contains the raw output log given by
the dvsim tool, in case further details are required. Finally,
the evaluation log provides further metadata, including the

Listing 4. JSON format of the evaluation log generated by our pipeline

{

"dut": <dut_name>,
"assert_file": <assert_path>,
"local_log": <log_path>,
"summary": {

"rc": <return code>,
"name": <task name>,
"errors": x,
"warnings": x,
"proven": x,
"cex": x,
"undetermined": x,
"covered": x,
"unreachable": x,
"pass_rate": xx.xx,
"cov_rate": xXx.xX,
"formal_coverage":
"stimuli_coverage": xx.xXx,
"checker_coverage": xx.xx,
"status": <pass/fail>,
"failing_asserts": [1],
"unreachable_checks": [],
"summary_window": ...,
"cmd": <dvsim command>,
"repo": <opentitan repo>,
"metal:

}

XX . XX,

specific dvsim command which was used and the path to the
OpenTitan repository where it was executed. With the help
of this evaluation log, a human expert can easily analyze the
FPV evaluation results provided by the formal verification tool,
which constitute the final result of our end-to-end pipeline.

FE. Modularity

Another essential aspect of our pipeline is modularity. In
the following, we highlight three design choices that are
aimed at adding processing steps or making changes to our
proposed pipeline as simple as possible. Firstly, our pipeline
is modeled as a graph structure, where nodes represent in-
dividual processing steps, and edges represent the transitions
between them. This allows individual processing steps to be
implemented independently of each other, connecting them
at a central location where the pipeline graph is constructed.
Data transfer between nodes takes place through an internal
state, which can be extended in case further information needs
to be exchanged. Another feature of the graph representation
are conditional branches, which can be employed to skip pro-
cessing steps on a given condition, e.g., evaluation is skipped
if no linted assertions can be generated. With this graph
structure, we enable the simple addition of further pipeline
nodes and modification of the pipeline flow. Secondly, prompt
templates are designed to accommodate for this flexibility,
making minimal assumptions on the input shape and filling
in input data based on the previous processing step. As can be
seen in Listing 2, the input JSON schema is not specifically
enforced, only listing optional input shapes. The input data
itself, in our case the property IR, is inserted at the end of
the prompt template, such that the LLM can automatically
infer its shape and process it independently of the output of
the previous pipeline node. Prompt templates are additionally
kept separate from the source code, making sure that no
interference with processing step modifications occurs. Finally,
the evaluation step is kept in its own pipeline node, making



TABLE I
EXPERIMENTAL RESULTS OF FPV FOR TWO OPENTITAN IP DESIGNS USING OUR PIPELINE VS. A ZERO-SHOT BASELINE

OpenTitan IP | LLM RT [m] | API Cost [$] | # SVA | Syntax Pass % | FPV Pass % | Assertion % | Formal %
Gemma 3 115 0.00 158 35.4% 27.1% 92.1% 83%

won timer Qwen 3 143 0.00 117 61.5% 25.0% 87.8% 40.2%
= GPT-5 mini 130 1.58 222 66.2% 49.7% 95.2% 67.6%
Baseline 2 0.0 77 100% %1% 90.9% 363%

Gemma 3 129 0.00 196 17.9% 20.0% 95.5% 0.9%

] Qwen3 186 0.00 98 78.6% 33.7% 83.0% 18.0%
pattgen GPT-5 mini 148 1.59 230 23.9% 94.7% 94.6% 38.4%
Bascline 2 0.01 65 96.9% 03% 100% 31.4%

#SVA: Number of generated assertions RT [m]: Runtime in minutes rounded down API Cost [$]: Cost for run in $ Syntax Pass %: Percentage of assertions with valid syntax
FPV Pass %: Percentage of assertions satisfied by JasperGold Assertion %: Assertion coverage given by JasperGold Formal %: Formal coverage given by JasperGold

sure that it can be adjusted according to the design to be
verified. As we consider OpenTitan IP in the current version
of the pipeline, evaluation is offloaded to the provided dvsim
tool. However, in the general case, an alternative evaluation
step may be implemented, giving full control over the FPV
depending on the RTL design to be verified. Together, these
three aspects ensure that our end-to-end pipeline is modular,
offering opportunities for future extension and modification.

IV. EXPERIMENTAL EVALUATION
A. Experimental Setup

To evaluate the syntactic and semantic quality of assertions
generated with our pipeline, we implement it in Python [27].
We execute our pipeline on two OpenTitan IP designs, which
did not previously support FPV at the time of writing: Alywas-
On Timer (aon_timer) and Pattern Generator (pattgen). For
both designs, we conduct pipeline runs with three different
LLMs to observe the influence of model choice on assertion
quality. In addition, we generate assertions with a zero-
shot prompt baseline without intermediate processing steps to
evaluate if our pipeline is able to achieve any improvements.
We omit a comparison to previous works due to the lack
of common evaluation metrics. Pipeline runs utilize Google
DeepMind’s open-weight Gemma 3 [28] with 27 billion pa-
rameters, Alibaba’s open-weight Qwen 3 [29] with 30 billion
parameters, and OpenAl’s closed-weight GPT-5 mini [30]. For
the baseline, OpenATI’s closed-weight GPT-5 Chat [31] is used.
Open-weight models are run locally on a server with an Nvidia
A40 data center graphics card with 48 gigabytes of memory.
The smaller GPT-5 mini is called via the API and the larger
GPT-5 Chat is accessed through the ChatGPT [32] interface.

B. Experimental Results

Table I shows the experimental results of the evaluation of
FPV for two OpenTitan IP designs using our pipeline against
the zero-shot baseline. For each execution, runtimes in minutes
and API costs are reported. As a measure of model verbosity,
we track the total number of assertions generated by each run.
For both designs, our pipeline generates a significantly higher
number of SVAs, with up to 8.2x more assertions generated by
GPT-5 mini compared to the baseline for aon_timer. To evalu-
ate syntactic quality, we consider the percentage of assertions
that pass syntax checks conducted by JasperGold. Here, the
baseline scores very well, with 100% for aon_timer and almost
97% for pattgen. Regarding our pipeline, GPT-5 mini scores

highest for aon_timer, while Qwen 3 scores highest overall
with 78.8% for pattgen. Generally, syntax pass percentage
stays below 80% for our pipeline runs. For the evaluation of
semantic quality, we look at a total of three metrics. Note that
these metrics only consider those assertions which previously
passed the relevant syntax checks. FPV pass observes what
percentage of assertions pass for the design, excluding unsat-
isfiable or uncovered SVAs. Across both designs, our pipeline
with GPT-5 mini is able to achieve the best FPV pass rate, with
up to almost 95% for pattgen and scoring more than two times
higher than the baseline for aon_timer. Gemma 3 and Qwen 3
perform similarly on both IP designs, slightly outperforming
the baseline for aon_timer and lacking behind for pattgen.
Assertion coverage indicates what percentage of SVAs affect
the design and are not covered vacuously. This metric is high
across all runs, with all models except for Qwen 3 consistently
scoring above 90%. For aon_timer, our pipeline once again
achieves the best performance, while for pattgen it is not able
to reach 100% like the baseline does. Formal coverage, in
contrast to assertion coverage, expresses what percentage of
the design is covered by the given set of properties. Here,
GPT-5 mini once again scores highest across both designs,
reaching 67.6% formal coverage and thus 86% more than
the baseline for aon_timer. Notably, Gemma 3 performs very
poorly in this metric, staying below 10% across both designs,
while Qwen 3 outperforms the baseline at least for aon_timer.
Overall, three trends can be observed. Firstly, the syntactic
quality of assertions generated by our pipeline can not reach
to the very high syntax pass percentage of assertions generated
by the baseline. A possible explanation for this might be the
much higher number of assertions generated by our pipeline,
resulting in more variance of syntactic quality. Secondly, our
pipeline is able to improve semantic quality compared to
the baseline across all three metrics we consider. While the
assertion coverage of SVAs generated by the baseline is very
competitive and even reaches 100% for pattgen, our pipeline is
able to achieve much higher scores across FPV pass percentage
and formal coverage percentage, outperforming the baseline by
more than 2x and 86% respectively. Thirdly, our evaluations
show that the model choice greatly influences the syntactic and
semantic quality of assertions generated using our pipeline.
The open-weight models Gemma 3 and Qwen 3 generally
scored very poorly across all metrics, only offering some
exceptions, such as the high syntax pass rate achieved by
Qwen 3 for pattgen. However, it is important to note that,



although exact parameter counts are not disclosed for GPT-5
Chat, these two models are very likely much smaller in scale
than the baseline, which could point to a possible explanation.
GPT-5 mini as a closed-weight model on the other hand shows
promising result with the integration into our pipeline, despite
the supposedly smaller model size compared to the baseline.
At the same time, our evaluation still shows room for im-
provement in metrics like syntax pass percentage and assertion
coverage percentage, hinting that further investigation into our
pipeline and the model choice could prove valuable.

V. CONCLUSION & FUTURE WORK

In this work, we introduced a modular, end-to-end pipeline
for FPV using LLMs. We showed how our four pipeline stages,
specification pre-processing, assertion generation, assertion
post-processing, and FPV evaluation, can be implemented
through several processing steps, transforming a set of spec-
ification documents into comprehensive FPV results ready
for human analysis end-to-end. In addition, we described
how modularity was considered as a central aspect of our
pipeline, enabling the extension and refinement of further
processing steps. Experimental evaluation of our proposed
pipeline against a zero-shot baseline showed how the quality
of generated assertions can be improved and that model choice
matters in this regard. Future work may focus on integrating
a broader set of designs, both within and independently of
OpenTitan. To gain a deeper understanding of the impact of
individual pipeline steps, ablation analysis may be conducted.
Furthermore, the integration of additional processing steps
into individual pipeline stages can be evaluated. For example,
approaches like RAG or self-refinement explored in related
works could be integrated into our modular pipeline.
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