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Abstract

Formal specifications are crucial for building verifiable and
dependable software systems, yet generating accurate and
verifiable specifications for real-world C programs remains
challenging. This paper empirically evaluates the extent to
which formal-analysis tools can automatically generate and
verify ACSL specifications without human or learning-based
assistance. We conduct a controlled study on a recently re-
leased dataset of 506 C programs, repurposing it from inter-
active, developer-driven workflows to an automated evalua-
tion setting. Five ACSL generation systems are compared: a
rule-based Python script, Frama-C’s RTE plugin, and three
large language models-DeepSeek-V3.2, GPT-5.2, and OLMo
3.1 32B Instruct. All generated specifications are verified un-
der identical conditions using the Frama-C WP plugin pow-
ered by multiple SMT solvers, allowing a direct comparison
of annotation quality, solver sensitivity, and proof stability.
Our results provide new empirical evidence on the capabili-
ties and limitations of automated ACSL generation, comple-
menting prior survey-based work.
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1 Introduction

Over the past decade, artificial intelligence has advanced
rapidly. Large models now perform impressively in language
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understanding, vision, and decision-making. Yet these sys-
tems remain difficult to trust. Their behaviour is often opaque,
failures can occur silently, and there are no built-in guaran-
tees of safety or correctness—limitations that are especially
problematic in high-assurance domains. Formal methods ad-
dress this gap by offering mathematically grounded guaran-
tees about system behaviour. They allow developers to ex-
press precise requirements and prove that software satisfies
them. However, formal methods are costly to apply in prac-
tice. Writing and maintaining specifications is challenging,
proofs scale poorly, and purely symbolic techniques strug-
gle with modern and evolving codebases.

This paper empirically evaluates the extent to which for-
mal analysis tools can automatically generate and verify ACSL
specifications for C programs without human or learning-
based assistance. This work differs fundamentally from our
prior study in [2] in both dataset and methodology. We eval-
uate a new dataset released in November 2025, consisting
of 506 C programs [6], which is commonly used in interac-
tive settings where developers rely on Gemini-based prompt
feedback loops to iteratively correct programs or annota-
tions [10]. In contrast, we re-purpose this dataset and con-
duct a controlled comparison of five ACSL generation strate-
gies: a rule-based Python script, Frama-C’s RTE plugin, and
three large language models—DeepSeek-V3.2, GPT-5.2, and
OLMo 3.1 32B Instruct. In the paper, we refer to these mod-
els as DeepSeek, GPT-5, and OLMo3, respectively, without
using their full names. All generated specifications are ver-
ified under identical conditions using the Frama-C WP plu-
gin and multiple SMT solvers. This design enables a direct
comparison between tool generated and LLM generated ACSL
on amodern dataset, isolating the impact of annotation qual-
ity, solver sensitivity, and proof stability, and providing new
empirical evidence that complements—but does not overlap
with—our earlier survey-based work.

The structure of the paper is as follows: Most recent liter-
ature and its analysis is presented in Section 2. Section 3 is
about the experimental setup and the workflow we adopted
to conduct the research. Empirical evaluation of our experi-
ments is presented in Section 4 and Section 5 concludes the

paper.
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2 Related Work

Our earlier workshop paper [1] examined the challenges
of translating informal natural-language requirements into
formal specifications. It highlighted key sources of difficulty,
including ambiguity, missing domain knowledge, contextual
gaps, and instability in large language model outputs. That
work introduced the VERIFYAI framework, which integrates
LLMs with NLP pipelines, ontology-based modelling, and
artefact reuse to support semi-automated formalisation. It
also compared early systems such as Req2Spec, SpecGen,
AssertLLM, and nl2spec, analysing how they represent re-
quirements and interface with verification tools. An empir-
ical evaluation using Frama-C PathCrawler and several SMT
solvers exposed practical limits in verification scalability and
solver robustness.

These ideas were substantially extended in [2], a large-
scale survey of over one hundred studies on Al-enabled re-
quirements formalisation, traceability, and verification. The
survey mapped the broader research landscape across pro-
gramming languages, specification notations, and verifica-
tion backends, including both theorem provers and model
checkers. It identified recurring methodological patterns, from
rule-based extraction to hybrid neuro-symbolic pipelines,
and highlighted unresolved ecosystem challenges such as
weak toolchain integration, limited traceability, and poor
reuse of existing specification artefacts. In addition, the study
reported an expanded empirical evaluation of Frama-C’s EVA,
RTE, and PathCrawler tools, revealing recurring issues re-
lated to solver instability, path coverage, and configuration
sensitivity. Together, these prior works provide the method-
ological and empirical foundation for the focused analysis
presented in this paper.

PALM, introduced in [8], is a generate-and-repair frame-
work that integrates large language models with symbolic
reasoning to enhance formal proof generation in Coq. An-
alyzing 520 proof-generation errors by GPT-3.5, Minghai
et al. observed that while LLMs often capture the overar-
ching structure of proofs, they frequently fail at low-level
steps. This insight motivated PALM’s iterative repair mecha-
nism. Tested on a dataset exceeding 10,000 theorems, PALM
demonstrates a 76.6%-180.4% improvement in success rates,
proving an additional 1,270 theorems over previous meth-
ods and showing strong generalizability across multiple LLM
architectures.

The framework AutoSpec, presented in [13], automates
the synthesis of formal specifications to enable end-to-end
program verification with minimal manual intervention. Un-
like earlier approaches constrained to narrow domains, Au-
toSpec handles complex program constructs, including ar-
rays, pointers, nested loops, and function calls. The frame-
work employs an iterative synthesis loop that combines static
analysis and program verification, progressively refining can-
didate specifications while ensuring both satisfiability and
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proof adequacy. Empirical evaluation indicates robust per-
formance, successfully verifying 79% of benchmark programs,
a 1.592 times improvement over prior techniques and fur-
ther validating its practicality by verifying the real-world
X509-parser project.

In [3], the authors assessed GPT-40’s capability to gener-
ate verifiable specifications for C programs using VeriFast,
a separation-logic-based static verifier. Their experiments,
which varied user inputs and prompting strategies, revealed
that GPT-40 could preserve functional behavior in specifi-
cations; however, the generated specifications often failed
formal verification and contained redundancies. Similarly,
[16] introduces OntoChat, a conversational agent leverag-
ing LLMs to support the Ontology Requirements Engineer-
ing (ORE) process. OntoChat addresses limitations of man-
ual ORE methods by facilitating automated and enhanced re-
quirements elicitation, documentation, and validation. Pre-
liminary findings from the first year indicate that LLM as-
sisted interactions can improve efficiency, consistency, and
collaboration in ontology engineering.

HILBERT, detailed in [11], is an integrated agentic frame-
work combining informal mathematical reasoning with for-
mal verification to advance automated theorem proving. The
system coordinates four synergistic components: an infor-
mal reasoning model for high-level insights of Lean 4, which
is an optimised prover, a formal verifier, and a semantic the-
orem retriever. For unresolved problems, HILBERT decom-
poses them recursively into smaller subgoals, addressed via
either the prover or the informal reasoning agent. Verifier-
guided feedback loops iteratively correct and reinforce proofs,
maintaining semantic consistency. Experimental results demon-
strate state-of-the-art performance: 99.2% accuracy on miniF2F,
6.6 percentage points higher than prior best methods and
462/660 problems (70.0%) solved on PutnamBench, surpass-
ing proprietary systems like SeedProver (50.4%) and improv-
ing 422% over the best publicly available baseline. These out-
comes establish HILBERT as a significant advancement in
bridging informal reasoning and formally verified proof syn-
thesis.

LEMUR, introduced in [14], is a framework that combines
automated reasoning with structured synthesis to improve
loop invariant generation and program verification. Unlike
prior learning-based methods such as Code2Inv, which rely
purely on reinforcement learning, LEMUR formalizes a uni-
fied calculus integrating symbolic reasoning and guided in-
variant inference. On the Code2Inv benchmark set of 133
C programs, LEMUR uses the ESBMC k-induction verifier
to validate invariants, significantly outperforming ESBMC
alone and Code2Inv. Specifically, LEMUR (GPT-4) solves 107
benchmarks within a 10-minute timeout, compared to 68 for
ESBMC and fewer for Code2Inv under a one-hour limit. Its
adaptive generation strategy typically converges in four it-
erations, though complex cases may take longer. Compara-
tive results with LEMUR (GPT-3.5) highlight that stronger
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symbolic reasoning oracles lead to faster convergence and
higher verification success, emphasizing the value of struc-
tured reasoning over heuristic generation.

RvLLM, described in [15], provides a runtime verification
framework that exploits domain-specific knowledge encoded
in a custom specification language (ESL) to systematically
detect and correct errors. Operating in two stages, interpre-
tation and reasoning, the framework uses context-driven in-
terpretations to identify inconsistencies and iterative follow-
up queries to ensure output consistency. Evaluations across
three representative tasks—violation detection under the Sin-
gapore Rapid Transit Systems Act, numerical comparison,
and inequality solving—tested multiple LLMs including Qwen
(max, plus, turbo, 2.5 variants), GPT-4.1 (mini, nano), Gem-
ini 2.0 Flash (Lite), and DeepSeek-V3. In violation detection,
RvLLM substantially improved true positive rates, raising
Qwen max from 56.2% to 86.1% and GPT-4.1 from 57.7% to
81.1%, while maintaining true negative rates. In numerical
comparison, LLMs guided by RvLLM consistently produced
correct or inconclusive results, e.g., Qwen 2.5 (32B) yielded
98 correct and 2 inconclusive outputs in 4.98 seconds. In in-
equality solving tasks involving factorization, interval anal-
ysis, and endpoint checking, RvLLM improved true positive
rates, achieving 50% for Qwen 2.5 on factorization, demon-
strating effective enforcement of domain-specific constraints.

The most recent works of November 2025 have follow-
ing contribution: [10] introduces VeCoGen, a tool that com-
bines large language models with formal verification to au-
tomatically generate correct C programs from formal and
natural language specifications along with test cases. VeCo-
Gen generates candidate programs and iteratively refines
them until a program satisfies the formal specification, en-
suring correctness. The approach is evaluated on 15 Code-
forces problems, successfully solving 13, demonstrating the
feasibility of integrating LLMs with formal methods for pro-
gram generation. This work highlights the potential of lever-
aging LLMs to produce formally verified code suitable for
safety-critical applications. [6] addresses the lack of datasets
for benchmarking verified C code generation by present-
ing CASP, a curated dataset of 506 C programs paired with
formally verified ACSL specifications. The dataset is con-
structed through multi-stage filtering, formal verification
using Frama-C, LLM-assisted improvements, and manual in-
spection to ensure correctness. CASP enables systematic eval-
uation of automated code generation methods against veri-
fied specifications. This contribution provides a foundation
for research on integrating LLM-based code generation with
formal verification.

SpecVerify, presented in [12], integrates LLMs with for-
mal verification tools to automatically extract and verify
properties from natural language requirements. By combin-
ing Claude 3.5 Sonnet with the ESBMC verifier, SpecVerify
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achieves verification accuracy comparable to NASA’s Co-
CoSim, while reducing false positives and extending the ex-
pressiveness of assertions beyond traditional logics. Com-
plementing this, [7] explores methods for automatically dis-
covering inductive loop invariants, a long-standing formal
verification challenge. Using a benchmark of 1,025 C pro-
grams with diverse loops, GPT-4, GPT-3.5, and Code Llama
were paired with Frama-C’s WP tool and SMT solvers to
evaluate invariant soundness. The approach synthesizes can-
didate invariants through data-driven methods and validates
them formally via automated proof obligations.

SV-LLM, introduced in [9], is a multi-agent LLM frame-
work designed for automating security verification of com-
plex system-on-chip (SoC) designs. The framework deploys
domain-specialized agents to perform tasks such as asset
identification, threat modeling, property generation, vulner-
ability detection, and simulation-based bug validation. Agents
employ diverse learning paradigms—including fine-tuning,
in-context learning, and retrieval-augmented generation—
to produce precise, verifiable security specifications from
design data and documentation, with reasoning capabilities
tailored to RTL semantics and design constraints. Experi-
mental evaluation shows substantial gains: the fine-tuned
Security Vulnerability Detection Agent (Mistral-7B-Instruct)
achieved 84.8% accuracy, a 42.3 percentage-point improve-
ment over its non-fine-tuned baseline, while the Bug Val-
idation Agent reached up to 89% validated testbench gen-
eration, outperforming zero-shot prompting by more than
fourfold. These results demonstrate SV-LLM as a scalable,
explainable, and domain-adapted solution for SoC security
verification. Finally, [5] explores integrating Copilot with
formal methods through an IDE equipped with language
servers. Granberry et al. [4] also studied combining LLMs
with symbolic analysis for C program specification genera-
tion, enhancing LLM prompts using outputs from PathCrawler
and EVA to produce ACSL annotations.

3 Experimental Setup and Workflow

The Frama-C platform is configured and executed within
a Linux environment running on Windows Subsystem for
Linux (WSL 2), hosted on a Windows 11 system equipped
with an Intel Core Ultra 5 125U processor (3.60 GHz) and
32 GB of RAM (31.5 GB usable) operating under a 64-bit ar-
chitecture. We acquired the dataset available on URL, https:
//huggingface.co/datasets/nicher92/CASP_source_files
from [6]. The C programs are first cleaned to get pure C files.
It was found that out of 506 files, there were two stacks: one
of 355 C files and other of 151 files. Once filtered out, second
stack contained empty or incomplete C files. So, we selected
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the first stack for our experimentation. The adopted work-
flow is depicted in Figure 1, which summarizes the sequen-
tial transformation from a curated dataset to pure and an-
notated C programs, the application of multiple ACSL gen-
eration techniques, the execution of weakest-precondition
prover tests, and the subsequent analysis of the obtained
verification results. The sources and logs of our experiments
are available publicly at https://github.com/arshadbeg/FTf
JPatECOOP2026.

4 Empirical Evaluation
4.1 EVA Static Analysis

We first performed a static analysis on these pure C files
through Frama-C EVA tool. Table 1 provides a summary of
results from EVA, augmented with the figure 2. Although
EVA successfully analysed only 40.8% of the files, we achieved
a median statement coverage of 81%, with alarm generation
remaining sparse across the dataset.

Table 1. EVA Dataset Summary

Dataset  Files Mean Median Mean Max Kernel
coverage (%) coverage (%) alarms alarms warnings
All files 355 81.41 81.0 0.12 3 19
Successful 145 81.41 81.0 0.29 3 19
Failed 210 - - 0.00 0 0

Figure 2 provides a visual overview of the EVA analysis
results. Figure 2a shows the distribution of alarms per file,
highlighting that most files generate few or no alarms. Fig-
ure 2b compares statement coverage between successful and
failed analyses, indicating that failed analyses do not have
coverage data. Figure 2c examines the relationship between
kernel warnings and statement coverage, illustrating that
files with more warnings tend to have lower coverage.

4.2 Analysis based on Mean Values

Table 2 summarises the aggregate WP verification statistics
across all ACSL generation strategies, providing a quantita-
tive complement to the visual trends in Fig. 3. Tool-generated
specifications, particularly those produced by the Python
script and the RTE plugin, achieve the highest mean proof
success rates while maintaining low timeout counts, con-
firming their reliability for automated verification. Among
LLM-based approaches, DeepSeek exhibits the strongest over-
all performance, with mean success and timeout figures ap-
proaching those of RTE, whereas GPT and OLMo3 show
reduced success rates and substantially higher solver time-
outs, especially for Alt-Ergo. Notably, the median proof suc-
cess reaches 100% for all approaches, indicating that when
proofs succeed, they often do so completely; however, the
variability captured by the mean values and timeout counts
highlights significant differences in specification robustness.
Overall, Table 2 reinforces that ACSL generation quality must
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Table 2. WP verification results for ACSL annotations gen-
erated by different sources. Mean success denotes the aver-
age percentage of proved goals over generated goals. Qed
time is reported in milliseconds.

Source Solver Runs Mean TO Qed
AltErgo 207 71.93 278 1.25
CvC4 205 72.23 27 1.16
Python Script
YHORSEEPY “cyes 203 7219 33 116
73 205 72,57 91 1.22
AltErgO 115  99.15 6 7.50
CvC4 113 99.12 0 8.50
RTE
CVCs5 111 99.09 0 7.50
Z3 113 99.12 4 6.50
AltErgo 149 94.89 130 6.17
DeepSeek CvC4 147 93.76 13 6.53
P CVCs 145 93.80 23 6.32
Z3 147 9456 22 5.04
AltErgo 177 80.98 272 1.86
GPT CvC4 175 81.63 8 2.00
CVCs 173 8190 10 2.30
73 175 82.07 20 1.97
AltErgo 134 83.14 92 292
OLMo3 CvC4 133 83.14 0 2381
CV(Cs 132 83.14 0 3.05
Z3 133 83.14 77 2.87

be evaluated not only by proof success but also by solver sta-
bility and efficiency.

Figure 3 presents a consolidated comparison of Frama-
C WP verification performance across ACSL specifications
generated by the Python script, Frama-C RTE, and the three
LLMs (DeepSeek, GPT, and OLMo3). As shown in Fig. 3a,
tool-generated specifications (Python script and RTE) con-
sistently achieve higher mean proof success rates with lower
solver-dependent variability, reflecting more precise and ver-
ification friendly contracts. Among LLM-based approaches,
DeepSeek demonstrates relatively strong performance with
proof success close to tool-generated ACSL, whereas GPT
and OLMo3 exhibit noticeably lower mean success and higher
dispersion across solvers. This trend indicates that while LLMs
can often produce syntactically valid ACSL, the semantic
strength and completeness of the generated contracts vary
substantially, directly impacting automated proof outcomes.

Solver robustness is further highlighted in Fig. 3b, which
reports the total number of solver timeouts aggregated across
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Pure C files

ACSL Annotations

Annotated C files

WP Provers Tests

Results
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Figure 1. End-to-end research workflow illustrating how a curated dataset is progressively transformed into pure C files,
enriched with ACSL annotations generated via a combination of automated scripts, Frama-C RTE, and large language models
(DeepSeek-V3.2, GPT-5.2, and OLMo-3.1 32B Instruct), then consolidated into annotated C files that are evaluated using
weakest-precondition (WP) prover tests to produce verification results that are finally subjected to systematic analysis.
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Figure 2. Visual summary of EVA analysis results. (a) Number of alarms per file. (b) Distribution of statement coverage for
successful and failed analyses. (c) Relationship between kernel warnings and coverage.

all files. RTE-generated ACSL yields the fewest timeouts over-
all, confirming the conservative yet stable nature of runtime-
error—driven specifications. In contrast, GPT-generated an-
notations result in the highest number of timeouts, particu-
larly for Alt-Ergo, suggesting that overly weak or ambigu-
ous specifications increase solver search space and proof
difficulty. This trade-off is made explicit in Fig. 3c, where
a clear inverse relationship emerges between proof success
and timeout frequency across ACSL sources. The X-axis of
the figure represents the different ACSL generation sources
used to produce verification tasks, while the Y-axis denotes
the SMT solvers applied to attempt proofs on these tasks.

The Z-axis shows the numerical values, with the lower por-
tion of each bar indicating the mean proof success in per-
centage and the stacked portion on top representing the
total number of timeouts. This arrangement allows a clear
comparison of both solver effectiveness and robustness across
different sources. Together, these results demonstrate that
higher apparent proof success does not necessarily imply
solver efficiency, and that specification quality must be as-
sessed jointly through success rates and solver behavior, as
summarized holistically in Fig. 3.
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Figure 3. Comparison of WP verification outcomes across ACSL generation methods. The figure contrasts proof success,
solver robustness, and their interaction for tool-generated and LLM-generated specifications.

4.3 Rule-Based Python Script Generation

Table 3 summarises the results of 452 WP runs distributed
across four provers, with each solver executed between 111
and 115 times. For all solvers, the observed proof success
values lie between 75% and 100%, indicating that, in every
run, at least three quarters of the generated proof obliga-
tions were discharged automatically. The dispersion of these
values is limited: Alt-Ergo exhibits a standard deviation of
4.56 over 115 runs, CVC4 and Z3 both show a standard de-
viation of 4.64 over 113 runs, and CVC5 reaches the highest
observed variability with a standard deviation of 4.72 over
111 runs. Despite minor differences, the narrow spread and
identical minimum and maximum values across solvers sug-
gest that all four provers achieve comparable proof coverage
on the evaluated benchmarks, with no solver consistently
failing or excelling across the full set of verification tasks.

Differences between solvers become more apparent when
considering timeout behavior and proof discharge times, as
reported in Table 3. Alt-Ergo incurred 6 timeouts over 115
runs, while Z3 experienced 4 timeouts over 113 runs; in
contrast, both CVC4 and CVC5 completed all runs without
any observed timeouts. Mean Qed times range from 6.50ms
for Z3 to 8.50ms for CVC4, with Alt-Ergo and CVC5 both
averaging 7.50ms. Variability in discharge time also differs
across solvers: Alt-Ergo and CVC5 show low standard devi-
ations of 0.71ms, indicating stable performance across proof
obligations, whereas CVC4 and Z3 exhibit higher variability
with standard deviations of 2.12ms. These results indicate
that, while proof success levels are similar across solvers,
robustness and timing stability provide a clearer basis for
differentiating prover behavior in practice.
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Table 3. The table reports the number of runs, observed
proof success range, standard deviation of proof success,
timeout counts, and Qed-time statistics of ACSL augmented
C files by rule-based Python Script

Solver =~ Runs Min Max SD TO Qed SD Qed

Alt-Frgo 115 75.0 100.0 456 6 7.50 0.71
CvC4 113 75.0 100.0 464 0 3850 212
CVCs 111 75.0 100.0 472 0 750 0.71
Z3 113 75.0 100.0 4.64 4 650 2.12

Figure 4a presents a comparative analysis of Qed time
variability, where the reported values correspond to the stan-
dard deviation of Qed times (in milliseconds) across four
solvers, while Figure 4b presents the proof success distri-
bution. Alt-Ergo and CVC5 exhibit similar variability pro-
files, with tightly clustered distributions and median stan-
dard deviation values around 7.5 ms, indicating relatively
stable and consistent solver behavior. Z3 shows the lowest
median standard deviation (approximately 6.5 ms), suggest-
ing lower average variability; however, its wider interquar-
tile range and extended whiskers indicate that variability
fluctuates more significantly across instances, ranging from
about 5 ms to 8 ms. In contrast, CVC4 demonstrates the
highest median standard deviation (around 8.5 ms) and the
largest overall spread, with values reaching up to roughly
10 ms, reflecting both higher variability and less predictable
performance. Overall, the results highlight a trade-off be-
tween stability and dispersion across solvers: Z3 tends to ex-
hibit lower central variability but with greater fluctuations,
Alt-Ergo and CVC5 provide more consistent variability char-
acteristics, and CVC4 shows the highest and most dispersed
Qed time variability.

4.4 Frama-C RTE Generation

Table 4 summarises 820 WP runs performed on ACSL speci-
fications generated by Frama-C RTE, with each solver ex-
ecuted between 203 and 207 times. For all provers, proof
success ranges from 30% to 100%, indicating that some ver-
ification tasks remain only partially discharged, while oth-
ers are fully proved automatically. The dispersion of proof
success is nearly identical across tools, with standard devi-
ations tightly grouped around 25.8 (from 25.80 for Alt-Ergo

to 25.89 for Z3), reflecting a comparable variability over the

benchmark set. More substantial differences arise in time-
out counts: Alt-Ergo records 366 timeouts, considerably more
than Z3 (142), CVC5 (48), and CVC4 (42). In contrast, Qed-
related metrics remain close, with mean values between 1.16

and 1.25 and standard deviations below 1.2. Overall, while

proof coverage and variability appear consistent across solvers,

timeout frequency constitutes the primary differentiating
factor in these experiments.

FTfJP’26 at ECOOP, June 2026, Brussels, Belgium

Qed Time Distribution by Solver

1

9 4
n
£ sy T
(]

[ ]

E | | T l
S S —
0]
o

6 4

. 1

Alt-Ergo Z3 cvca cves
(a) Qed Time Distribution
Proof Success Distribution by Solver
100 4

95
9
@ 90
[0]
o
|9}
3
S 85
[o]
Q
a

80

75 A (o} ] o] o]

Alt-Ergo z3 cvca cves
(b) Proof Success Distribution

Figure 4. Solver Performance for Rule-based Python Script

Solver Runs Min Max SD TO Qed SD Qed
Alt-Ergo 207 30.0 100.0 25.80 366 1.25 1.17

CVC4 205 30.0 100.0 25.85 42 1.16 0.87
CVCs 203  30.0 100.0 25.86 48 1.16 0.90
73 205 30.0 100.0 25.89 142 1.22 0.89

Table 4. WP verification results for ACSL specifications gen-
erated via Frama-C RTE

Figure 5a presents a comparative analysis of Qed time
variability for ACSL specifications generated using the Frama-
C RTE tool, where the reported values correspond to the
standard deviation of Qed times (in milliseconds) across the
four solvers, while Figure 5b presents the proof success dis-
tribution. Overall, all solvers exhibit very low Qed time vari-
ability, reflecting the lightweight nature of proof obligations
produced by RTE instrumentation. CVC4 and CVC5 show
the most stable behavior, with median standard deviation
values slightly below 1 ms and tightly clustered distribu-
tions, indicating highly consistent proof discharge times across
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verification runs. Z3 displays a comparable median variabil-
ity (around 0.9 ms), though with a marginally wider interquar-
tile range, suggesting slightly greater fluctuation across in-
stances. Alt-Ergo exhibits the highest median standard de-
viation (approximately 1.17 ms) and a broader spread rela-
tive to the other solvers, indicating comparatively less sta-
ble Qed time behavior despite remaining within a low abso-
lute range. Overall, the results highlight uniformly fast and
stable Qed performance across solvers for RTE-generated
ACSL, with CVC4 and CVCS5 providing the most consistent
profiles, Z3 showing moderate dispersion, and Alt-Ergo ex-
hibiting the highest relative variability.
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Figure 5. Solver Performance for RTE-Generated ACSL

4.5 GPT-5.2 Generation

Table 5 presents 700 WP executions over ACSL specifica-
tions generated by GPT-5.2, with each solver run between
173 and 177 times. Proof success spans from 16.67% to 100%
for all provers, revealing a broader range of partial discharges
compared to fully successful runs. The variability of results
is again similar across tools, with standard deviations be-
tween 27.34 and 28.15, indicating a consistently wide disper-
sion over the benchmark set. Timeout behaviour, however,
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differs markedly: Alt-Ergo reports 272 timeouts, whereas Z3

records 20 and both CVC4 and CVC5 exhibit very few (8 and

10, respectively). Qed statistics show slightly higher aver-
ages than in the previous setting, ranging from 1.86 to 2.30,

with relatively large standard deviations (up to 3.18), sug-
gesting greater fluctuation in simplification effects. Over-
all, while proof coverage and dispersion remain comparable,

timeout frequency and Qed variability distinguish solver per-
formance in this configuration.

Solver Runs Min Max SD TO Qed SD Qed

Alt-Ergo 177 16.67 100.0 28.15 272 1.86 2.88
CVC4 175 16.67 100.0 27.64 8 2.00 2.88
CV(Cs 173  16.67 100.0 2734 10 2.30 3.18
73 175 16.67 100.0 2742 20 1.97 2.60

Table 5. WP verification results for ACSL specifications gen-
erated by GPT-5.2

Figure 6a presents a comparative analysis of Qed time
variability for ACSL specifications generated by the GPT-5
language model, where the reported values correspond to
the standard deviation of Qed times (in milliseconds) across
the four solvers, while Figure 6b presents the proof success
distribution. In contrast to RTE-generated specifications, all
solvers exhibit substantially higher variability, reflecting the
increased complexity and heterogeneity of LLM-generated
ACSL annotations. Z3 shows the lowest median standard
deviation (approximately 2.6 ms), indicating comparatively
more stable Qed performance, although its distribution still
spans a wide range of values, suggesting non-uniform be-
havior across verification instances. Alt-Ergo and CVC4 ex-
hibit similar median variability levels (around 2.9 ms), with
broader interquartile ranges that point to less predictable
proof discharge times. CVC5 demonstrates the highest me-
dian standard deviation (approximately 3.2 ms) and the widest
overall spread, indicating the most unstable Qed time behav-
ior among the solvers. Overall, the results highlight a clear
increase in Qed time dispersion for GPT-5-generated ACSL
specifications: while Z3 offers the lowest central variability,
Alt-Ergo and CVC4 show moderate instability, and CVC5
exhibits the highest and most dispersed variability profile.

4.6 DeepSeek Generation

Table 6 aggregates 588 WP runs conducted on ACSL speci-
fications generated by DeepSeek, with each solver executed
between 145 and 149 times. For all provers, proof success
ranges uniformly from 25% to 100%, indicating that while
some benchmarks are only partially discharged, complete
automation is frequently achieved. In contrast to the pre-
vious configurations, dispersion is notably lower, with stan-
dard deviations confined to a narrow interval between 13.97
and 14.72, suggesting more stable proof coverage across tasks.
Timeout counts, however, remain uneven: Alt-Ergo records
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solvers, while Figure 7b presents the proof success distribu-
tion. Compared to both RTE-generated and GPT-5-generated
ACSL, DeepSeek specifications result in substantially higher
Qed time dispersion, indicating significantly less predictable
solver behavior. Z3 exhibits the lowest median standard de-
viation (approximately 16.3 ms), suggesting comparatively
more stable proof discharge times, in this more challeng-
ing verification condition. Alt-Ergo, CVC4, and CVC5 show
markedly higher variability, with median standard devia-
tion values clustered around 19-21 ms and wide interquar-
tile ranges. Among these, CVC4 demonstrates the highest
median variability and the broadest spread, indicating the
most unstable Qed time behavior, while Alt-Ergo and CVC5
display similarly high dispersion with slightly lower central
values. Overall, the results highlight a pronounced increase
in Qed time variability for DeepSeek-generated ACSL spec-
ifications: Z3 offers the lowest central variability, whereas
Alt-Ergo and CVC5 show high but comparable instability,
and CVC4 exhibits the highest and most dispersed variabil-
ity profile among the solvers.
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Figure 6. Solver Performance for GPT-5-Generated ACSL

130 timeouts, substantially exceeding Z3 (22), CVC5 (23),
and especially CVC4 (13). Qed averages are considerably
higher than in earlier settings, lying between 5.04 and 6.53,
and are accompanied by large standard deviations (up to
20.67), reflecting significant variability in simplification im-
pact. Overall, proof success appears more consistent, while
timeout frequency and Qed dispersion differentiate solver
behaviour.

Qed Time Distribution by Solver

Solver Runs Min Max SD TO Qed SD Qed
Alt-Ergo 149 25.0 100.0 13.97 130 6.17 19.25
CvC4 147  25.0 100.0 14.72 13 6.53 20.67
CVC5 145 25.0 100.0 14.72 23 6.32 19.44
Z3 147  25.0 100.0 1430 22 504 16.27

Table 6. WP verification results for ACSL specifications gen-
erated by DeepSeek

Figure 7a presents a comparative analysis of Qed time

variability for ACSL specifications generated by the DeepSeek

model, where the reported values correspond to the stan-
dard deviation of Qed times (in milliseconds) across the four
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4.7 OLMo3 Generation

Table 7 summarises 532 WP runs on ACSL specifications
generated by OLMo3, with each solver invoked between
132 and 134 times. All provers share identical proof-success
bounds, ranging from 33.33% to 100%, and exhibit exactly
the same standard deviation (25.56), indicating an indistin-
guishable dispersion of results across the benchmark suite.
Thus, in terms of coverage and variability, the four solvers
behave almost identically in this setting. Differences arise
primarily in timeout counts: CVC4 and CVC5 complete all
runs without timeouts, whereas Alt-Ergo and Z3 report 92
and 77 timeouts, respectively. Qed averages remain close,
between 2.81 and 3.05, with modest standard deviations (1.24-
1.56), suggesting limited variation in simplification effects.
Overall, while proof success statistics are perfectly aligned
across solvers, timeout behaviour constitutes the principal
factor separating their performance on these specifications.

Solver Runs Min Max SD TO Qed SD Qed
Alt-Ergo 134 33.33 100.0 2556 92 2.92 1.24
CVC4 133  33.33 100.0 2556 0 281 1.25
CVCs 132 3333 100.0 2556 0 3.05 1.47
73 133  33.33 100.0 25.56 77 2.87 1.56

Table 7. WP verification results for ACSL specifications gen-
erated by OLMo3

Figure 8a presents a comparative analysis of Qed time
variability for ACSL specifications generated by the OLMo3
model, where the reported values correspond to the stan-
dard deviation of Qed times (in milliseconds) across the four
solvers, while the Figure 8b presents the proof success distri-
bution. In contrast to DeepSeek- and GPT-5-generated spec-
ifications, OLMo3 exhibits markedly lower Qed time disper-
sion, indicating more stable solver behavior. Alt-Ergo and
CVC4 show very similar median standard deviation values
(around 1.2-1.3 ms) with tightly clustered distributions, re-
flecting consistent proof discharge performance across ver-
ification runs. CVC5 displays a slightly higher median vari-
ability (approximately 1.5 ms) and a moderately wider in-
terquartile range, suggesting limited additional fluctuation.
Z3 exhibits the highest median standard deviation among
the solvers (around 1.6 ms), accompanied by a broader spread,
indicating comparatively less stable behavior, though still
within a relatively low absolute range. Overall, the results
highlight that ACSL specifications generated by OLMo3 lead
to stable and predictable Qed time behavior across solvers:
Alt-Ergo and CVC4 provide the most consistent variability
profiles, CVC5 shows moderate dispersion, and Z3 exhibits
the highest, yet still limited, variability.

Across the five ACSL generation techniques, a clear gra-
dient in verification stability emerges. Rule-based and RTE-
generated ACSL consistently produce the lowest Qed time
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Figure 8. Solver Performance for OLMo3-Generated ACSL

variability across all solvers, reflecting the uniform and pre-
dictable structure of the generated proof obligations. OLMo3
occupies a middle ground, maintaining low variability while
introducing moderately richer specifications that remain solver
friendly. In contrast, GPT-5 and DeepSeek generate substan-
tially more heterogeneous ACSL, leading to sharply increased
Qed time dispersion and less predictable verification behav-
ior, particularly evident in the wide spreads observed across
solvers.

From a solver perspective, Z3 generally maintains con-
sistent runtime performance on complex, LLM-generated
ACSL but exhibits broader dispersion, indicating sensitiv-
ity to specification irregularities. Alt-Ergo and CVC5 remain
stable on structured techniques but degrade under more ex-
pressive LLM outputs, while CVC4 shows the strongest con-
sistency on simpler inputs and the most pronounced vari-
ability on complex ones. Overall, the comparison highlights
a fundamental trade-off: increased expressiveness in ACSL
generation correlates with reduced solver stability, whereas
disciplined, structure-driven techniques yield more reliable
and predictable verification outcomes.
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Overall, our results reveal a clear trade-off between ex-
pressiveness and verification stability. Tool-generated ACSL
(rule-based and RTE) delivers fast, predictable, and highly
consistent solver performance, with low mean and median
Qed times and minimal dispersion. OLMo3-generated spec-
ifications maintain this stability while introducing modest
complexity. In contrast, GPT-5 and DeepSeek-generated ACSL
produce more heterogeneous proof obligations, leading to
higher and more variable Qed times, wider distributions,
and increased solver sensitivity. Among solvers, CVC4 and
CVC5 provide the most consistent behavior, Z3 achieves
lower central variability but exhibits broader fluctuations on
complex inputs, and Alt-Ergo experiences the highest time-
out rates. These findings emphasize that achieving reliable
large-scale verification requires balancing specification rich-
ness with controlled variability to ensure predictable solver
performance across diverse ACSL generation techniques.

5 Conclusions

This paper presented a systematic empirical study of auto-
mated ACSL specification generation and verification for
C programs using Frama-C. By analysing a recent Novem-
ber 2025 open-source dataset and evaluating hundreds of re-
peated verification runs, we established a concrete baseline
for tool-driven formalisation using EVA and RTE, as well
as for LLM-generated specifications produced by DeepSeek,
GPT-5, and OLMo3. The results demonstrate that automated
approaches can produce verifiable specifications, but also
expose recurring limitations related to parser robustness,
annotation completeness, and solver sensitivity. Our com-
parative evaluation across SMT solvers shows clear differ-
ences in verification behavior. RTE-generated ACSL consis-
tently achieves almost 100% proof success, reflecting the reli-
ability of tool-generated runtime contracts. In contrast, LLM-
generated annotations exhibit lower and more variable suc-
cess rates, with performance strongly dependent on both
the solver and the model.

Among solvers, CVC4 and CVC5 generally show greater
stability, while Alt-Ergo experiences significantly higher time-
out rates in several settings. These findings indicate that ver-
ification success is shaped not only by annotation quality
but also by solver-specific characteristics. Tool-generated
specifications provide a dependable foundation, while LLM-
generated ACSL shows promise but requires further refine-
ment to improve consistency and solver compatibility.

Further insight is provided by the analysis of Qed times
using mean, median, and standard deviation, complemented
by boxplot-based variability assessment. Rule-based and RTE-
generated ACSL exhibit low mean Qed times, tightly clus-
tered medians, and minimal dispersion, indicating both fast
and predictable solver performance. OLMo3 specifications

show slightly higher central values but maintain limited spread,

suggesting controlled increases in specification complexity.
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GPT-5 and DeepSeek generated ACSL present higher mean
and median Qed times along with markedly larger standard
deviations and wider distributions, revealing substantial vari-
ability across verification tasks. These patterns highlight that
while LLM generated specifications enhance expressiveness,
stable large-scale verification remains reliant on disciplined
generation techniques that minimize variability and ensure
consistent solver behavior. By grounding our evaluation in a
modern dataset and uniform verification pipeline, this study
provides practical evidence to guide future research on learn-
ing assisted specification synthesis and hybrid formal work-
flows that balance automation, robustness, and scalability.
It also highlights that the existing rule-based generators are
starting to be challenged by LLM-based specification gener-
ation.

Use of Al-Assisted Tools

We acknowledge the use of free version of GPT-5.2 for re-
fining the textual presentation of the paper. The model was
applied to improve clarity and coherence. Followed by this,
the text has been thoroughly reviewed and discussed by all
authors to ensure accuracy and integrity.
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