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Montreal, Canada
stievenart.quentin@uqam.ca

Abstract—Coverage-guided greybox fuzzing depends strongly
on the initial seed corpus. For programs that consume struc-
tured textual languages such as parsers, interpreters, and query
engines, constructing useful seeds is difficult: minimal inputs
provide little guidance, curated tests require project-specific
effort, and grammar-based generation may satisfy syntax without
reaching semantically interesting behavior. This paper studies
whether a large language model (LLM) can serve as an offline
source of seed-corpus diversity for such targets. We compare a
minimal seed baseline (S0), a curated test-suite baseline (S1),
and three LLM-assisted strategies that share one generation
pipeline but differ in prompt context: test suite examples (S2),
manual pages (S3), or formal grammars (S4). Our results point
to a practical but targeted role for LLM-generated seeds. They
provide reliable coverage gains over a minimal corpus, but cu-
rated test suites remain the strongest baseline overall. When test
suites are unavailable, documentation- and grammar-prompted
seeds can provide useful bootstrapping value, although their
gains are target-dependent. Adding LLM seeds to an existing
test suite yields selective improvements, and offline LLM seed
generation is therefore best viewed as a low-overhead supplement
to conventional corpus construction, not as a replacement for
curated tests.

Index Terms—fuzzing, software testing, large language models,
seed generation, code coverage, AFL++, Honggfuzz, software
security

I. INTRODUCTION

Coverage-guided greybox fuzzing has become the dominant
technique for discovering software vulnerabilities at scale.
Production deployments such as Google’s OSS-Fuzz have
used fuzzers like AFL++ [1] and Honggfuzz [2] to discover
thousands of vulnerabilities and bugs across many open-source
projects since 2016 [3], [4]. The technique is now standard
practice in security engineering. Its effectiveness, however, has
strong ties with an artifact almost orthogonal to the fuzzer
itself: the initial seed corpus [5]. Because mutations are local
byte-level transformations, seeds that already exercise complex
program features give the mutation engine a head start that
random exploration may never achieve. A poor seed corpus
simply caps how deep a campaign can go.

In this paper, we focus on initial seeds for programs that
consume structured textual input languages, such as parsers,

interpreters, query engines, and other tools whose inputs en-
code executable or analyzable behavior. Constructing a strong
seed corpus for these programs is harder than it looks, and the
challenges decompose naturally into three concrete questions
that this paper addresses jointly. (i) The seed-quality gap.
Traditional seed-construction techniques may miss coverage
that manually crafted seeds would have reached: minimal
inputs require many mutation rounds to reach deep states; test
suites encode correctness rather than vulnerability, lack edge-
case diversity, and require per-program extraction effort [6];
grammar-based generators enforce syntax but not semantics,
so for example SQL queries against nonexistent tables are
rejected before reaching the optimizer [7]. (ii) Prompt-design
uncertainty. Recent work has begun to leverage large lan-
guage models (LLMs) for fuzzing inputs [8]–[11], but the
literature tends to fix one prompting strategy and one fuzzing
engine, leaving practitioners without principled guidance on
which contextual source (test cases, documentation, or formal
grammar) is most effective for which target, or what validity
and diversity profiles to expect. (iii) Cost and integration
unknowns. If LLM-based generation requires per-target prompt
engineering effort, fuzzer modifications, or substantial dollar
cost, it is not a practical option for the open-source maintainers
and security teams who actually run fuzzing at scale.

Structured textual languages are a natural meeting point
between fuzzing and LLMs. Many important fuzzing targets
such as parsers, interpreters, compilers, query engines, and
configuration processors consume text whose syntax and id-
ioms are documented in examples, manuals, grammars, and
tests. Since modern LLMs are trained to generate code and
structured text, they may be able to produce seed inputs that
are more meaningful than random bytes while still requiring
no target-specific generator.

We propose three LLM-assisted seed-generation strategies
for offline corpus construction. The goal, as depicted in
Figure 1, is not to put an LLM in the fuzzing loop, where
inference latency would compete with fuzzer throughput, but
to use the model before fuzzing begins to produce a fixed set
of plain-text seed files. The three strategies share the same
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Fig. 1. Sources of initial seed corpora for coverage-guided fuzzing. This paper
studies offline LLM-generated seeds as a fourth source alongside developer
tests, grammar-based generation, and minimal fuzzer inputs.

generation pipeline and differ only in the contextual source
supplied to the model: existing test files (strategy S2), the
program’s manual page (strategy S3), or a formal grammar
(strategy S4). The resulting corpora can be passed directly to
unmodified fuzzing campaigns.

Our goal is not to replace greybox fuzzing with an LLM-
driven fuzzer. We use the LLM only as an offline corpus-
construction tool and ask how much practical value this adds
to fuzzing campaigns. The question is: when an LLM is
used offline before fuzzing to prepare an initial corpus for an
otherwise unmodified greybox fuzzer, which prompt sources
provide useful coverage, how close do they come to developer
test suites, and what is the practical cost of using them?
Our results support a conservative conclusion: LLM-generated
seeds are a useful bootstrap when no curated test suite is
available, but curated test suites remain hard to beat.

This paper makes the following contributions:
• We design three offline LLM-assisted seed-generation

strategies (test-suite-, manual-page-, and grammar-
prompted) that share one generation pipeline and differ
only in the contextual source supplied to the model,
isolating the effect of prompt content on seed quality.

• We evaluate these strategies under a uniform fuzzing
setup on four source-instrumented C targets and two
production greybox fuzzers, with ten 12-hour runs per
configuration. Statistical tests show that LLM+Tests (S2)
significantly improves over the minimal baseline in all
eight target-fuzzer combinations, but that curated test
suites remain difficult to beat.

• We characterize validity, duplicate generation, initial cor-
pus coverage, crash discovery, hybrid corpora, and API
cost. The evidence positions offline LLM seed generation
as a low-overhead supplement to corpus construction, not
as a replacement for developer test suites.

The remainder of the paper is organized as follows. Sec-
tion II reviews coverage-guided fuzzing, established seed-
construction techniques, and existing LLM-for-fuzzing work.
Section III presents the five seed strategies and the shared
generation procedure. Section IV describes the experimen-
tal methodology, and Section V answers the four research
questions (RQ1-RQ4) in turn. Section VI discusses threats to

validity. Section VII concludes the paper.

II. BACKGROUND AND RELATED WORK

Figure 2 situates the present paper in the literature. Three
established research lines converge at the body of work on
LLM-assisted seed generation: coverage-guided fuzzing, seed-
corpus construction, and LLMs for software testing. The
existing LLM-seed-generation studies tend to fix one prompt
source and one fuzzing engine at a time. We extend this line of
work along three axes simultaneously: three prompt sources
held to a uniform generation procedure, two fuzzers across
four targets, and hybrid corpora that combine the test suite
with one or more LLM strategies. We also add a cost and
integration analysis. The remainder of this section covers the
main related work.

A. Coverage-guided greybox fuzzing

Coverage-guided greybox fuzzers use lightweight, compile-
time instrumentation to track which control-flow edges have
been executed and use that feedback to drive mutation toward
unexplored regions [13], [23]–[25]. AFL [12] and its actively
maintained fork AFL++ [1], established the dominant design:
an evolutionary loop in which seeds drawn from a queue
are mutated, executed under instrumentation, and retained
whenever they trigger new edges. Honggfuzz [2] adopts a
related design with multiple feedback mechanisms and multi-
threaded workers. Edge coverage (the count of distinct basic-
block transitions) has become the de facto measure of fuzzing
progress because it captures control-flow decisions that block-
or line-coverage miss [13], [26]. We perform our study using
both AFL++ and Honggfuzz.

B. Seed corpus construction

Prior work shows that seed quality strongly affects fuzzing
outcomes [5]. Established techniques span minimal seeds,
test-suite extraction [6], grammar-based generation [7], and
corpus distillation. Each has limitations: minimal seeds require
many mutation rounds to reach deep states; test suites encode
correctness rather than vulnerability and require per-program
extraction effort [6]; grammars enforce syntax but not seman-
tics [7]; distillation reduces an existing corpus but cannot in-
troduce new behavior. Early learning-based approaches based
on RNNs, GANs, or VAEs have faced training-data, validity,
and generalization barriers [27], [28].

C. LLMs for fuzzing

LLMs pre-trained on code and documentation corpora can
generate structured inputs that are syntactically valid and often
semantically coherent. Most LLM-for-fuzzing work targets
general-purpose input generation or keeps the model in the
fuzzing loop. We focus instead on offline seed generation
for programs that consume structured textual languages. This
scope matches a core strength of LLMs: generating code-
like and document-like text with recognizable syntax and
idioms. It avoids a weaker setting for language models, namely
inventing opaque binary blobs whose validity depends on
layout constraints hard to express in natural-language context.



Coverage-guided fuzzing
AFL/AFL++ [1], [12]

Honggfuzz [2], OSS-Fuzz [3]
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Fig. 2. Position of this paper in the LLM-fuzzing literature.

LLAMAFuzz [10] keeps the LLM in the mutation loop:
it consults the model at each iteration to seed and guide
mutations using coverage feedback. The LLM acts as a learned
mutator that proposes targeted edits to the queue, in contrast
to our approach, where the LLM is invoked only during offline
corpus construction before fuzzing begins. Fuzz4All [8] fuzzes
diverse language targets without per-target customization, but
it keeps the LLM in the loop throughout the campaign,
continuously generating and mutating inputs, whereas we use
the LLM only to build a fixed seed corpus for an unmodified
greybox fuzzer. SeedAIchemy [11] is the closest related work,
but it addresses an orthogonal corpus-construction setting: it
uses LLMs to guide retrieval and mining of existing public
seed files, whereas we study direct offline generation of new
seeds under controlled prompt sources.

TitanFuzz [9] and FuzzGPT [15] demonstrate zero-shot
and edge-case generation. LLM-based fuzzing has also been
applied to protocols [17], smart contracts [18], JavaScript
engines [19], and parsers [20], with surveys synthesizing
the area [21], [22]. Augmentation approaches such as Chat-
Fuzz [16] integrate LLMs into existing pipelines for specific
tasks rather than replacing the fuzzer. Despite these advances,
systematic comparison of prompt sources, validation of gen-
erated seeds, and analysis of cost-benefit trade-offs across
multiple fuzzers remain limited. We address those gaps.

III. LLM-ASSISTED SEED GENERATION

A. Design overview

The dominant question in seed corpus design is where
the corpus’ diversity comes from. Traditional answers locate
diversity in human effort (developers writing tests), in syntac-
tic enumeration (a grammar generator), or in fuzzer-internal
mutation (a minimal seed). We propose to relocate it to a
fourth source: the latent knowledge of a pre-trained LLM.
Rather than embedding the LLM into the mutation loop, where
its inference latency would compete directly with the fuzzer’s
throughput, we use the LLM only in an offline pre-processing
phase before the campaign begins. The resulting corpus is
plain text and feeds an unmodified fuzzer.

TABLE I
THE FIVE SEED GENERATION STRATEGIES.

Strategy Knowledge source LLM Generation scope

S0 (Minimal) – no 1 minimal file
S1 (Test-suite) Test cases no extracted
S2 (LLM+Tests) Test cases yes per-file
S3 (LLM+Manual) Manual pages yes batch
S4 (LLM+Grammar) BNF/EBNF grammars yes single-case

Figure 3 shows the resulting design. The five strategies
share the same fuzzers, campaign budget, instrumentation, and
coverage/crash measurements. Strategy S0 contains a single
minimal seed, S1 uses the available test-suite inputs limited at
26 unique tests, and S2-S4 target 26 unique LLM-generated
seeds. Strategies S1-S4 differ only in the contextual source
they consume and the path that source takes to the corpus. The
two non-LLM strategies map a source to a corpus directly: the
minimal baseline S0 corresponds to a single minimal file, and
the test-suite baseline S1 to a deterministic extraction from
the program’s existing test repository. The three LLM-assisted
strategies (S2, S3, S4) instead pass their source through a
shared generation procedure that we describe in Section III-B.
Holding corpus size, fuzzer, and measurements fixed makes
it possible to attribute coverage differences cleanly to the
contextual source rather than to corpus size, fuzzer choice,
or campaign budget. Table I summarizes the five strategies.

We do not include a context-free LLM strategy: with
only the target name, outputs for popular tools may reflect
memorized examples, while outputs for obscure tools would
lack enough input-language guidance. We focus on auditable
sources practitioners can supply: tests, manuals, and gram-
mars. We omit a pure grammar-generator baseline because
it would answer a different question: whether grammar gen-
erators outperform LLM-based corpus construction. Our S4
condition instead isolates whether grammar text is useful as
prompt context under the same LLM pipeline as S2 and S3.

B. Shared generation procedure

A naive use of an LLM as a seed generator (one prompt, one
call, one corpus) would conflate two orthogonal design axes



@ Minimal file
(no context)

Á Test cases
(developer suite)

` Manual pages
(documentation)

Ð BNF/EBNF
grammar

(ANTLR repo)

Æ Shared LLM pipeline⋆
prompt construction

→ GPT-4o mini (T=0.7+0.1n)
→ sanitize & deduplicate
(target 26 unique seeds)

à S0: Minimal
(1 file)

à S1: Test-suite
(up to 26 seeds)

à S2: LLM+Tests
(26 seeds)

à S3:
LLM+Manual

(26 seeds)

à S4:
LLM+Grammar

(26 seeds)

Ô
Fuzzer
AFL++

Honggfuzz
(12 h, n=10)

¨ Edge coverage

q Crashes
(ASan/UBSan)

Fig. 3. System design of the proposed approach.

that this paper aims to disentangle: the contextual source given
to the model and the engineering details of how the corpus is
assembled. We therefore fix the corpus-assembly procedure
and vary only the contextual source given to the model. The
shared procedure used by all three LLM-assisted strategies
(S2-S4) is the central pipeline depicted in Figure 3: a prompt is
constructed from contextual material, the LLM is invoked, the
output is sanitized to remove markdown fences, and unique-
ness is checked against a persistent memory of previously
accepted seeds. When the memory rejects a candidate, the next
call uses a higher temperature set as T = min(0.7+0.1n, 1.0),
where n is the retry index, together with an added instruction
to generate seed content different from the previous attempts.
The procedure repeats until the corpus contains 26 unique
seeds.

Three details of this procedure are worth motivating explic-
itly. The fixed corpus size of 26 is dictated by the smallest
available test suite (BusyBox bc has exactly 26 test cases):
choosing this number lets BusyBox bc’s S1 corpus be reported
without artificial truncation and holds the three LLM strategies
to the same target size. Corpus size is therefore controlled
across S2-S4. S0 itself is intentionally minimal, and xmllint
S1 contains only 23 usable standalone inputs after filtering.
We account for this limitation when interpreting S0/S1 com-
parisons. We hold every LLM strategy to the same size, so
that coverage differences cannot be attributed to corpus size.
The temperature schedule starts at T = 0.7 to favor validity
on the first attempt and rises only when uniqueness fails. This
avoids the alternative of using high temperature uniformly,
which we found in pilot runs to hurt syntactic validity. Each
seed is attempted with up to six calls.

C. Strategy details

We now detail each of the five strategies.
a) S0: minimal seed: S0 consists of a single minimal

file. It establishes a lower bound: the coverage achievable by
the fuzzer’s own mutation engine without any seed guidance.

b) S1: test-suite seeds: S1 consists of inputs extracted
from each program’s official test repository. For BusyBox bc,
the test suite contains exactly 26 cases (all included). For
lua and sqlite, 26 cases are randomly selected. The same 26

selected cases are used as in-context examples for S2, so any
difference between S1 and S2 attributes to LLM-generated
variation rather than to a different example set. xmllint is
one exception: after removing duplicates, DTD fragments, and
shell-driver wrappers from the libxml2 test suite, only 23
standalone, well-formed XML inputs remain. We report S1
over those 23 rather than padding the corpus with synthetic
inputs that would distort the baseline.

c) S2: LLM + tests: For each test-suite file, the LLM
is prompted with the file’s content, an instruction to produce
a unique test of the same structure, and extension-specific
validity guidance. Generation is per file, and uniqueness is
checked within the retry loop for that source file.

d) S3: LLM + manual page: The complete user-facing
manual page for each target is embedded in a single prompt,
and the LLM is asked for a batch of inputs that exercise diverse
documented features. Output is split on double newlines and
deduplicated.

e) S4: LLM + grammar: We embed verbatim in the
prompt a formal grammar specification sourced from the
ANTLR grammars-v4 repository [29]. The LLM is in-
structed to produce a single concrete derivation per call, with
an additional check ensuring the output does not trivially echo
the grammar text. A global memory set prevents repeats across
calls.

D. Prompt design and constraints

All prompts emphasize three properties: (i) validity, by
asking for complete, syntactically valid inputs, or grammar-
matching inputs for S4; (ii) format hygiene, prohibiting mark-
down, code fences, and explanatory text so that outputs can be
written directly as seed files; and (iii) diversity, by requiring
outputs to differ from previous seeds and, for S3, to exercise
different documented features or edge cases.

E. No validity-based pre-filtering

We deliberately do not discard seeds that exit non-zero on a
dry run before fuzzing. Both AFL++ and Honggfuzz perform
their own corpus calibration on startup, deciding which seeds
enter the queue based on coverage signal rather than on
exit code. Pre-filtering would shadow that calibration and



could remove inputs the fuzzer would have used productively.
Furthermore, real-world test suites deliberately contain error-
triggering inputs (e.g., SELECTs against non-existent tables,
expressions that exercise bc’s error path), and removing these
would amount to evaluating a degraded baseline. The validity
rates reported in Section V-B therefore describe what each
strategy produces, not a pre-filter applied to the experiments.

IV. EXPERIMENTAL METHODOLOGY

The goal of the evaluation is to attribute coverage and
crash differences cleanly to seed-generation strategies, holding
everything else fixed. This section justifies our choices for each
axis that the evaluation touches: the targets, the fuzzers, the
run design, and the budget.

A. Research Questions

Our research questions are the following.
• RQ1. Do LLM-generated seeds improve final coverage

and vulnerability discovery over a minimal baseline and
over a curated test-suite baseline? This asks whether
LLMs bring any usable diversity to the corpus at all,
and whether what they bring is competitive with a hand-
curated test suite.

• RQ2. How does the choice of prompt source affect
seed validity and functional diversity? This question asks
whether different prompt sources produce seeds that are
valid, distinct, and structurally diverse, since those are the
properties a fuzzer’s mutation engine can subsequently
exploit.

• RQ3. What does LLM-based seed generation cost in
dollars, time, and integration effort? Whether LLM seeds
help is moot if the cost is comparable to the fuzzing
budget itself. This question quantifies the overhead so that
practitioners can decide whether to adopt the approach.

• RQ4. Are LLM-generated seeds complementary to a
curated test suite when combined into a hybrid corpus?
If LLM seeds alone do not beat the test suite, this does
not mean that such seeds are not valuable. This question
tests whether mixing LLM seeds with test suites produces
a corpus that is stronger than either alone.

B. Targets

A meaningful comparison of seed-generation strategies
needs targets that span distinct input formats but admit a
uniform fuzzing setup. Our four targets satisfy four con-
straints simultaneously: they are widely-deployed open-source
C programs (so the fuzzer toolchain applies), they accept
structured input that can be described by a formal gram-
mar (so the grammar-based strategy S4 has something to
consume), they read input from a file or standard input (so
the AFL++/Honggfuzz execution model applies), and together
they span a wide range of input complexity (so cross-target
patterns are observable). The four targets are BusyBox bc
version 1.38.0 (a POSIX arbitrary-precision calculator with
small input language and a well-defined grammar), xmllint
from libxml2 version 2.15.3 (an XML parser/validator with

namespaces, entities, DTD, and XPath, representing high
structural complexity), lua version 5.4.8 (the Lua interpreter,
with imperative and functional constructs and a substantial
standard library), and sqlite version 3.53.1 (an in-process SQL
database with lexer, parser, optimizer, and execution stages,
run in in-memory mode for fuzzing). We deliberately did not
include targets without a public test suite, since one of our
experimental conditions (S1) requires one. We used the most
recent version of each tool at the time of our experiments (May
2026).

C. Fuzzers

We use AFL++ and Honggfuzz because they are mature
and widely used production fuzzers with different implemen-
tations, reducing the risk that our conclusions are specific
to one fuzzing engine. For AFL++ (version 4.40c) [1], tar-
gets were compiled with the fuzzer’s afl-clang-fast
compiler wrapper, with AddressSanitizer and UndefinedBe-
haviorSanitizer enabled. AFL++ was invoked with default
mutators, no memory limit (-m none), a 1000 ms per-input
timeout (-t 1000), and a 12-hour campaign budget. Each
AFL++ campaign runs as a single afl-fuzz process con-
suming approximately one CPU core. For Honggfuzz (version
2.6) [2], targets were compiled with the fuzzer’s hfuzz-cc
compiler wrapper and SanitizerCoverage instrumentation, the
same sanitizers, and the campaign duration set to 12 hours.
Honggfuzz’s default --threads setting was kept: this rule
auto-detects the number of available logical CPUs and spawns
one fuzzing worker thread per logical CPU to make use of
the available cores (2 workers per campaign in our evaluation
setup). The two engines consume different amounts of CPU
per campaign by design, and their reported edge coverage
measurement is influenced by fuzzer-specific details (e.g.,
how the instrumentation is performed). We therefore do not
compare coverage across fuzzers and rely only on within-
fuzzer comparisons.

D. Orchestrator and hardware

The experiments were run through a lightweight orchestra-
tion layer that prepares the instrumented target builds, launches
fuzzing runs, and collects coverage and crash statistics. The
coverage measurements are extracted from each fuzzer’s run-
time statistics (AFL++ from plot_data’s edges_found,
and Honggfuzz from its statistics CSV).

The experiments were run on an HPC cluster, where each
fuzzing run was allocated 2 CPU cores and 16GB of RAM
on AMD EPYC CPU nodes, clocked between 2.40GHz and
2.65GHz. Runs were executed on node-local temporary stor-
age. Each fuzzing campaign was run for 12 hours, repeated
10 times for statistical stability.

E. Run design

Coverage-guided fuzzing is inherently stochastic, so any
single campaign is a noisy measurement [26], [30], [31].
We repeat every cell of the experimental matrix 10 times.
The single-strategy matrix is therefore 4 targets × 2 fuzzers ×



5 strategies × 10 runs = 400 12-hour campaigns. For RQ4,
we evaluate hybrid corpora that pair the test suite with one or
more LLM strategies, as well as one hybrid combining S3 and
S4. That hybrid matrix adds a further 4 targets × 2 fuzzers ×
5 hybrid strategies × 10 runs = 400 campaigns. Each cell is
reported as the arithmetic mean of its ten runs and the standard
deviation is reported alongside as a descriptive indicator.

For the main statistical comparisons, we compare pairs of
seed strategies within each target-fuzzer cell. For example, S1
vs. S2 on bc/AFL++ compares the ten final-coverage values
from S1 against the ten final-coverage values from S2. Because
runs are independent, we use two-sided, unpaired Mann–
Whitney U tests [32]. We correct for multiple comparisons
with Holm correction [33], applied separately within RQ1
and RQ4, using α = 0.05. We also report Cliff’s delta [34]
as a non-parametric effect size. We call a result statistically
supported only when the Holm-corrected p-value is below
0.05. Otherwise, we describe it as having “no clear difference,”
not as evidence of equivalence.

F. Coverage stabilization

We use the coverage growth to justify the 12-hour budget.
Across all 400 completed non-hybrid single-strategy runs
(used for RQ1-RQ3), 311 runs (77.8%) reach at least 80%
of their final coverage within the first hour. The growth is
largely saturated by the final quarter of the campaign: 385 runs
(96.3%) gain at most 5% additional final coverage between
hours 9 and 12. The main exception is sqlite, whose configu-
rations reach 80% substantially later (median 104.6 minutes),
especially under AFL++, indicating that this target benefits
more from the longer campaign budget.

V. EMPIRICAL RESULTS

We now present the results for each of our four research
questions.

A. RQ1: Coverage and Vulnerability Discovery

1) Final edge coverage: Table II reports the final edge
coverage of each (strategy, fuzzer, target) compared to the S0
baseline strategy.

The statistical tests confirm that S2 is the strongest LLM
strategy, but not a replacement for S1. S1 obtains the highest
final coverage in 7 of 8 target-fuzzer cells. Against S1, S2
is not clearly different after Holm correction in four cells,
significantly worse in three cells (bc/Honggfuzz and Lua with
both fuzzers, adjusted p ≤ 0.008), and significantly better in
one cell (xmllint/Honggfuzz, adjusted p = 0.036). Against the
minimal baseline S0, S2 significantly improves coverage in
all eight cells (all adjusted p = 0.008), S3 in seven (adjusted
p ≤ 0.041), and S4 in five (adjusted p ≤ 0.024). Thus,
LLM-generated seeds provide reliable improvement over a
minimal corpus when prompted with test-suite examples,
while documentation- and grammar-prompted seeds provide
target-dependent bootstrapping benefits. The complete RQ1
statistics, including U values, adjusted p-values, and Cliff’s
deltas, are included in the replication package.

2) Improvement over the minimal baseline: Table II ex-
presses every cell as relative improvement over S0. Descrip-
tively, S1, S2, and S4 have positive mean deltas in all eight
cells, while S3 is positive in seven and slightly negative
on sqlite/AFL++. The formal tests show a similar but more
conservative pattern: S2 significantly improves over S0 in all
eight target-fuzzer cells (all adjusted p = 0.008), S3 in seven
(adjusted p ≤ 0.041), and S4 in five (adjusted p ≤ 0.024).
What separates the strategies is therefore not only whether
they beat S0, but how much of S1’s advantage they recover. S2
recovers most of it outside Lua, S3 recovers roughly 75-80%
of S1’s improvement on bc and xmllint but little on Lua and
sqlite, and S4 recovers only a small fraction on most targets.
The one consistent exception is Lua, where S1 leads the best
LLM strategy by 26-31 pp and no LLM strategy comes close.

3) Bootstrapping without a test suite: A practical sub-
question is what LLM seeds offer when no curated test suite
exists, since this scenario rules out both S1 and S2 (the latter
prompts the LLM with test-suite files, so it is unavailable when
no test suite exists). The remaining bootstrapping options are
therefore S3 (LLM + manual page) and S4 (LLM + grammar),
which require only documentation or a formal grammar as
input. Compared to the alternative of starting from a minimal
seed, the better of S3 and S4 improves over the S0 mean in
all eight (target, fuzzer) cells, by margins ranging from +0.7%
(sqlite/AFL++) up to +76.7% (xmllint/Honggfuzz). How much
of the test suite’s advantage this recovers is strongly target-
dependent: on bc and xmllint the better of S3/S4 recovers
75-82% of S1’s improvement over S0, making it a genuinely
useful bootstrap, whereas on lua and sqlite it recovers only
4-24%, leaving a large gap to S1. S3 or S4 are therefore
a practical bootstrapping option for projects that lack an
established test suite when the input language is comparatively
simple (bc) or well captured by its documentation (xmllint),
but offer little over a minimal corpus on targets such as sqlite,
whose coverage depends heavily on error-path and feature-
specific inputs that documentation- and grammar-prompted
seeds do not reproduce.

4) Vulnerability discovery: Table III reports, for each cell,
the number of crashing inputs that reproduce under Address-
Sanitizer/UndefinedBehaviorSanitizer, the number of unique
sanitizer signatures they collapse to (distinct crash sites/types),
as well as the number of unique bugs, since many distinct
inputs frequently trigger the same underlying bug, sometimes
with different sanitizer signatures. We distinguish sanitizer
signatures using the sanitizer output, including crash type and
reported source locations when available. We group unique
bugs by identifying the root cause of the bug and fixing it
to confirm that the crashing input does not fail after the fix.
It should be noted that the number of unique bugs detected
is low since we test the latest version of the tools, and these
tools are common fuzzing targets. Crashes were observed only
on BusyBox bc and sqlite while xmllint and lua produced
none under any strategy, consistent with the maturity of those
codebases. Two patterns stand out. First, crashing-input counts
are a poor proxy for distinct bugs: on bc the strategies span



TABLE II
MEAN FINAL EDGE-COVERAGE IMPROVEMENT OVER S0 AFTER 12 HOURS. EACH CELL REPORTS (CSi − CS0)/CS0 , WHERE CSi IS THE MEAN

COVERAGE OF STRATEGY Si. THE PARENTHESES REPORT THE RUN-TO-RUN STANDARD DEVIATION IN PERCENTAGE POINTS AFTER NORMALIZATION.
COLORS MARK BEST , SECOND-BEST , AND WORST VALUES IN EACH COLUMN. THE S0 ROW IS 0 BY DEFINITION AND IS SHOWN AS THE REFERENCE

BASELINE.

BusyBox bc xmllint lua sqlite

Strategy AFL++ Hfuzz AFL++ Hfuzz AFL++ Hfuzz AFL++ Hfuzz

S0 (Minimal) 0.0% (±5.9 pp) 0.0% (±1.2 pp) 0.0% (±2.1 pp) 0.0% (±2.7 pp) 0.0% (±1.5 pp) 0.0% (±1.2 pp) 0.0% (±2.1 pp) 0.0% (±4.1 pp)
S1 (Test-suite) +31.5% (±0.9 pp) +25.4% (±0.3 pp) +90.2% (±0.5 pp) +96.3% (±1.0 pp) +82.7% (±1.0 pp) +73.2% (±3.3 pp) +17.9% (±3.0 pp) +26.9% (±2.0 pp)
S2 (LLM+Tests) +30.8% (±0.7 pp) +24.2% (±0.3 pp) +89.7% (±0.8 pp) +98.5% (±1.6 pp) +56.8% (±2.1 pp) +42.0% (±4.8 pp) +16.6% (±2.7 pp) +26.4% (±2.0 pp)
S3 (LLM+Manual) +25.7% (±1.7 pp) +20.9% (±1.1 pp) +67.8% (±0.6 pp) +76.7% (±1.6 pp) +19.8% (±2.0 pp) +6.1% (±2.0 pp) -0.2% (±4.3 pp) +5.1% (±2.6 pp)
S4 (LLM+Grammar) +7.5% (±3.1 pp) +5.7% (±1.5 pp) +3.4% (±2.1 pp) +7.3% (±6.4 pp) +13.8% (±1.2 pp) +3.9% (±1.7 pp) +0.7% (±8.8 pp) +3.2% (±3.0 pp)

TABLE III
CRASHING INPUTS, UNIQUE CRASH SIGNATURES, AND MANUALLY

IDENTIFIED SOURCE-LEVEL BUGS FROM THE NON-HYBRID 12-HOUR
CAMPAIGNS. EACH CELL REPORTS replayed crashing inputs / unique

sanitizer signatures / unique bugs.

bc sqlite

Strategy AFL++ Hfuzz AFL++ Hfuzz

S0 (Minimal) 329 / 13 / 2 0 / 0 / 0 83 / 5 / 3 35 / 12 / 7
S1 (Test-suite) 32 / 2 / 2 9 / 2 / 2 62 / 5 / 3 19 / 8 / 6
S2 (LLM+Tests) 140 / 2 / 2 16 / 2 / 2 27 / 5 / 3 21 / 6 / 5
S3 (LLM+Manual) 200 / 8 / 2 5 / 3 / 3 85 / 5 / 3 29 / 6 / 5
S4 (LLM+Grammar) 11 / 3 / 3 1 / 1 / 1 39 / 5 / 3 17 / 6 / 5

up to 329 crashing inputs but collapse to at most 3 unique
bugs, and on sqlite all five strategies converge to at most 7
unique bugs despite input counts spanning up to 85. Second,
no seeding strategy holds a consistent crash-discovery advan-
tage, and the minimal baseline is surprisingly competitive: S0
yields the most distinct signatures on bc/AFL++ (13) and on
sqlite/Honggfuzz (12), indicating that the crashes reachable
in these targets sit on shallow paths the fuzzer finds even
from a minimal seed. The only cases where a seeded strategy
surfaces more unique bugs than S1 are S4 (LLM+Grammar)
on bc/AFL++ and S3 (LLM+Manual) on bc/Honggfuzz, each
with 3 bugs against S1’s 2. Since the number of unique
bugs found is low, we do not claim a vulnerability-discovery
advantage for LLM seeds. We are preparing upstream reports
with minimized inputs and root-cause analyses.

Answer to RQ1

LLM-generated seeds improve final coverage over a min-
imal baseline, but do not replace curated test suites
when they are available. S2 (LLM+Tests) significantly
improves over S0 in all eight target-fuzzer cells (all
adjusted p = 0.008), while S3 and S4 do so in seven
(adjusted p ≤ 0.041) and five cells (adjusted p ≤ 0.024),
respectively. Against S1, S2 is not clearly different after
Holm correction in four cells, significantly worse in three,
and significantly better in one. The largest gap remains
Lua, where the developer test suite exercises behavior
that generated scripts do not reproduce. Without a test
suite, S3 and S4 are useful bootstrapping options on some
targets, especially bc and xmllint, but their gains are target-

TABLE IV
DIRECT VALIDITY RATES: CLEAN-PARSE SEEDS OVER TOTAL SEEDS.

Strategy bc xmllint lua sqlite

S1 (Test-suite) 18/26 23/23 25/26 12/26
S2 (LLM+Tests) 10/26 17/26 26/26 13/26
S3 (LLM+Manual) 22/26 24/26 26/26 26/26
S4 (LLM+Grammar) 15/26 26/26 26/26 26/26

dependent. For vulnerability discovery, unique sanitizer-
signature and bug counts are small and largely strategy-
independent.

B. RQ2: Validity and Diversity

1) Direct validity: We re-run each generated seed once
through the corresponding target binary with a 5-second time-
out and record the exit code. A seed is valid iff it parses cleanly
(exit 0). The dry run does not invoke either fuzzer. Table IV
reports the results. The LLM strategies that use richer context
(S3 and S4) reach 100 % validity on three of four targets
and meet or exceed the test-suite baseline. S2 is the weakest
on bc (10/26) and sqlite (13/26), suggesting that in-context
test-suite examples can lead the LLM to over-generalize into
syntactically incorrect territory.

The test-suite baseline is itself not at 100% validity (12/26
on sqlite, 18/26 on bc): real test suites deliberately include
error-triggering inputs (SELECTs against non-existent tables,
expressions that exercise bc’s error path) to exercise parser
error handling. The validity gap between S1 and the LLM
strategies on these targets therefore reflects a difference of
intent, not LLM superiority: the developers’ test suite tests
both happy paths and error paths, while default LLM prompts
produce happy-path inputs only. This partly explains S1’s
coverage advantage on sqlite, where parser error paths are a
substantial fraction of the program logic.

2) Duplicate rejection: We report the fraction of LLM calls
whose output was rejected as a duplicate during generation. S2
achieved zero duplicates on all four targets (per-seed memory
of growing examples steers the model toward unique outputs).
S3 produced two duplicates in total, both on lua. S4 was the
most repetitive: a 13% duplicate rate on bc and 16% on lua,
while xmllint and sqlite reached zero duplicates. This suggests
that the constrained output space of a grammar specification
yields more repetition on the simpler input languages, even
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though previously generated seeds are supplied to the model
as negative examples. Every strategy ultimately produced the
target 26 unique seeds per target.

3) Initial seed coverage as functional diversity: String-level
uniqueness does not capture whether seeds exercise different
parts of the program. We use the initial edge coverage, i.e.,
the count of edges covered by the seed corpus before any
mutation, as a measure of functional diversity. Figure 4 reports
the result. S2 achieves the highest initial coverage on three of
four targets (bc, xmllint, sqlite), exceeding S1 in some cases.
S1 dominates on lua, again reflecting the comprehensiveness
of the Lua test suite. S4 has the lowest initial coverage among
the non-minimal strategies on three of four targets, consistent
with its higher duplicate rate. On sqlite/AFL++, S2 starts from
the highest initial coverage (8,911 edges, marginally above
S1’s 8,844). At the twelve-hour budget this early diversity
is largely realized: S2 finishes as the second-highest strategy
in final coverage on that cell, within run-to-run noise of S1
(Table II). More generally, on the three targets where S2
starts broadest (bc, xmllint, and sqlite under AFL++) it also
finishes second only to S1, so initial breadth is a reasonable
predictor of final coverage, yet S1 retains a small, consistent
edge despite a comparable or narrower start, pointing to seed
mutability (how readily small byte-level changes cross new
branch boundaries) as a second factor beyond raw initial
breadth.

Answer to RQ2

Different prompting strategies produce seeds with measur-
ably different validity and diversity profiles. Context-rich
strategies (S3, S4) reach 100% validity on three of four
targets and meet or exceed the test-suite baseline. S2 over-
generalizes from in-context examples on bc and sqlite. S2
often provides the broadest initial coverage and has zero
duplicates. S4 is the most repetitive on simple targets.
Crucially, validity alone does not determine effectiveness
(S2 has low validity on bc and sqlite yet the highest
initial coverage), and at the twelve-hour budget initial
diversity broadly tracks final coverage, though S1’s small,
consistent final-coverage edge over the broader-starting S2
shows that seed mutability still matters.

TABLE V
SEED GENERATION COST. API IS NUMBER OF LLM API CALLS, AND DUP.

IS THE NUMBER OF DUPLICATES REJECTED BY DEDUPLICATION.

Strategy Target Seeds API Dup. In tok Out tok Cost Time

S2

bc 26 26 0 21,665 12,600 $0.011 4.3 min
xmllint 26 26 0 39,039 55,059 $0.039 17.6 min
lua 26 26 0 131,292 60,182 $0.056 17.9 min
sqlite 26 26 0 5,729 3,416 $0.003 1.2 min

S3

bc 26 3 0 20,649 727 $0.004 0.7 min
xmllint 26 3 0 5,937 1,728 $0.002 0.6 min
lua 26 2 2 24,646 829 $0.004 0.6 min
sqlite 26 3 0 136,254 577 $0.021 0.3 min

S4

bc 26 30 4 46,403 1,204 $0.008 0.6 min
xmllint 26 26 0 53,246 3,078 $0.010 1.5 min
lua 26 31 5 76,969 2,394 $0.013 0.8 min
sqlite 26 26 0 214,445 1,491 $0.033 1.9 min

C. RQ3: Cost and Integration

We instrumented the generation procedure to record API
calls, token consumption, duplicate rejections, wall-clock time,
and dollar cost per pair of strategy and target. All runs used
GPT-4o mini ($0.15 per 1M input tokens, $0.60 per 1M output
tokens). Table V reports per-target results. From this data, we
can make the following observations.

S3 is the most cost-efficient strategy: it needs only 2-3 API
calls per target because it generates seeds in batches, totaling
$0.030 and less than one minute per target. S2 yields zero
duplicates but is slowest because it generates one seed per
call with large in-context test files, taking up to 17.9 min on
lua and costing $0.108 overall. S4 has moderate cost: it needs
26-31 calls per target, with at most five duplicate rejections,
and sqlite dominates its token use because the grammar is
large. Across all LLM strategies and targets, generation costs
about $0.20 and 48 minutes. This excludes human time to
locate/clean contextual material and build harnesses, so RQ3
shows that marginal generation cost is low once the setup
exists.

Finally, integration is light: the generator is around 300 lines
of Python and generated seeds are plain text files dropped
into the fuzzer’s input directory. No fuzzer modification is
required. The main effort is one-time prompt engineering per
target (selecting an appropriate test file or feeding the manual
page or grammar).

Answer to RQ3

The measured API cost and generation time are small
relative to a 12-hour fuzzing campaign: approximately
$0.20 and 48 minutes for the full configuration set. S3
is the cheapest and fastest strategy. S2 is slower but
provides the strongest LLM coverage results. Integration
requires no fuzzer modification because the generated
seeds are plain text files. These measurements support
using LLM-generated seeds as a low-overhead supplement
when suitable contextual material and harnesses are al-
ready available.



D. RQ4: Hybrid Corpora
RQ4 examines whether LLM-generated seeds can be com-

plementary, either to a curated test suite when one is present,
or together in the absence of a test suite. Because the cost of
running an additional LLM-assisted strategy on top of a test
suite is low (RQ3), even a modest complementary effect would
make LLM seeds a useful optional supplement in practice.
We evaluate multiple hybrid corpora: S1+Si for each LLM
strategy, S1+S2+S3+S4 for evaluating the complementarity
of all of our strategies together with S1, and S3+S4 for
identifying the potential of combining the strategies that do not
rely on an existing test suite. The hybrid configurations are run
in the same setup as for RQ1: 10 runs of 12 hours. Table VI
reports on the resulting coverage improvements. Based on
these results, we can make the following observations.

1) Hybridization produces only small changes relative
to S1: Across the four S1-based hybrids and eight
cells, the change relative to S1 ranges from -1.0%
(S1+S2 on sqlite/AFL++) to +4.6% (S1+S2+S3+S4 on xm-
llint/Honggfuzz). The statistical tests show that significant
gains are concentrated on bc and xmllint: S1+S3 and
S1+S2+S3+S4 significantly improve over S1 for both fuzzers
on those two targets. The adjusted p-values are small in all
eight supported cases (adjusted p = 0.027 and 0.017 for
bc/AFL++ with S1+S3 and S1+S2+S3+S4, respectively, and
adjusted p ≤ 0.007 for the other six), with large effects
(|d| ≥ 0.89). S1+S2 and S1+S4 show no clear improvement
over S1 in any target-fuzzer cell after Holm correction, and no
hybrid involving S1 significantly degrades coverage relative to
S1. The complete RQ4 statistics are included in the replication
package.

2) The most consistent complements are S1+S3 and the
full stack: S1+S3 and S1+S2+S3+S4 are the only hybrids
involving S1 with significant improvements over S1 after
correction, and those improvements occur on bc and xmllint
for both fuzzers. The result suggests targeted complementarity
rather than a general benefit from adding LLM seeds to an
already strong test suite.

3) No substantial queue dilution is visible: Descriptively,
S1+S2+S3+S4 (104 seeds) matches or exceeds S1+S2 (52
seeds) in 7 of 8 cells. This is not a size-controlled ablation:
it shows the practical behavior of the larger hybrid under our
twelve-hour budget, not a general proof that larger corpora are
harmless. In a pilot variant, we minimized the input corpus
with afl-cmin before fuzzing and did not observe material
changes in the outcome.

4) Combining the test-suite-free strategies adds little: In
the absence of a test suite, S3+S4 performs no better than
the stronger of S3 or S4 alone in seven of eight cells (the
deltas against the best single S3/S4 mean are within noise),
the exception is sqlite/AFL++ (+6.7 pp). Running both the
documentation- and grammar-prompted generators rather than
the better one is therefore rarely worth the extra generation
cost.

The practical takeaway is that adding LLM-generated seeds
to a curated test suite usually leaves coverage close to S1,

with selective gains on targets where the added seeds expose
behavior not already covered by the test suite. The evidence
supports targeted supplementation rather than routine improve-
ment over a strong curated corpus.

Answer to RQ4

LLM-generated seeds are selectively complementary to a
curated test suite. S1+S3 and S1+S2+S3+S4 significantly
improve over S1 on bc and xmllint for both fuzzers
(adjusted p ≤ 0.027), while S1+S2 and S1+S4 do not
significantly improve over S1 in any cell after Holm
correction. No hybrid involving S1 significantly degrades
coverage. Without a test suite, S3+S4 does not signifi-
cantly beat the better of S3 or S4 alone in any target-fuzzer
cell. Hybrid corpora therefore provide targeted rather than
universal gains.

VI. THREATS TO VALIDITY

A. Run-to-run variance

Every cell of our results matrices is reported as the mean
of ten independent runs over a twelve-hour budget. Coverage-
guided fuzzing is inherently stochastic, so even repeated runs
of one configuration yield somewhat different final coverage.
We therefore report run-to-run standard deviations as descrip-
tive context and use unpaired Mann-Whitney U tests with
Holm correction for the RQ1 and RQ4 comparisons. The
standard deviations show the practical scale of the variation
between runs, while the corrected tests determine which dif-
ferences we treat as statistically supported. Since each cell has
ten runs, small effects may remain undetected after correction.
We therefore treat non-significant small deltas as inconclusive,
not as evidence that two strategies are equivalent.

B. Concurrent campaigns and cross-fuzzer thread asymmetry

The orchestrator scheduled the campaigns concurrently on
nodes of an HPC cluster, with two cores available per node.
AFL++ runs as a single afl-fuzz process (one core) while
Honggfuzz uses default multi-threaded workers (1 thread per
core). Cross-fuzzer numerical comparisons therefore reflect
both seed quality and engine-internal CPU asymmetry, and we
do not consider them in our evaluation. Within-fuzzer rankings
may be affected by node-to-node performance variation and
queuing effects on the cluster. We mitigate this by using the
same orchestration policy for every strategy and by repeating
each 12h campaign ten times. We treat the low observed
variance as supporting evidence for stability.

C. Sensitivity to model and prompt

Results characterize a single model (GPT-4o mini) with
a fixed prompt template per strategy. Larger models (GPT-
4o, Claude), open-source models (Llama, DeepSeek-Coder),
alternative prompting techniques (chain-of-thought, few-shot,
coverage-feedback loops), and other temperature regimes were
not explored. Because each strategy is evaluated with one fixed
prompt template and one fixed model, we cannot claim that
the observed rankings are invariant across models or prompt



TABLE VI
HYBRID FINAL EDGE-COVERAGE DELTAS AFTER 12 HOURS. PARENTHESES REPORT NORMALIZED RUN-TO-RUN STANDARD DEVIATION IN PERCENTAGE

POINTS. COLORS RANK ONLY THE S0-COMPARISON ROWS.

BusyBox bc xmllint lua sqlite

Corpus Baseline AFL++ Hfuzz AFL++ Hfuzz AFL++ Hfuzz AFL++ Hfuzz

S1+S2 vs S0 +31.2% (±0.3 pp) +25.9% (±0.7 pp) +91.1% (±0.6 pp) +99.3% (±2.6 pp) +85.0% (±3.0 pp) +74.1% (±1.4 pp) +16.8% (±3.1 pp) +27.4% (±1.9 pp)
vs S1 -0.3% (±0.2 pp) +0.3% (±0.6 pp) +0.5% (±0.3 pp) +1.5% (±1.3 pp) +1.2% (±1.7 pp) +0.5% (±0.8 pp) -1.0% (±2.6 pp) +0.4% (±1.5 pp)

S1+S3 vs S0 +33.4% (±0.5 pp) +27.2% (±0.3 pp) +96.5% (±0.6 pp) +102.4% (±1.3 pp) +83.9% (±1.9 pp) +74.0% (±1.1 pp) +17.3% (±3.2 pp) +29.1% (±1.5 pp)
vs S1 +1.4% (±0.3 pp) +1.4% (±0.2 pp) +3.3% (±0.3 pp) +3.1% (±0.7 pp) +0.6% (±1.1 pp) +0.5% (±0.6 pp) -0.6% (±2.7 pp) +1.7% (±1.2 pp)

S1+S4 vs S0 +31.5% (±0.6 pp) +25.3% (±0.5 pp) +89.9% (±0.4 pp) +96.6% (±1.6 pp) +84.0% (±2.9 pp) +72.0% (±3.9 pp) +19.3% (±4.1 pp) +29.2% (±2.2 pp)
vs S1 0.0% (±0.4 pp) -0.1% (±0.4 pp) -0.2% (±0.2 pp) +0.1% (±0.8 pp) +0.7% (±1.6 pp) -0.7% (±2.2 pp) +1.1% (±3.5 pp) +1.8% (±1.7 pp)

S1+S2+S3+S4 vs S0 +33.6% (±0.4 pp) +27.2% (±0.3 pp) +97.2% (±0.9 pp) +105.3% (±1.5 pp) +85.2% (±2.9 pp) +73.2% (±1.3 pp) +18.9% (±2.5 pp) +28.0% (±3.7 pp)
vs S1 +1.5% (±0.3 pp) +1.4% (±0.3 pp) +3.7% (±0.5 pp) +4.6% (±0.8 pp) +1.3% (±1.6 pp) 0.0% (±0.8 pp) +0.8% (±2.2 pp) +0.9% (±2.9 pp)

S3+S4 vs S0 +24.9% (±1.2 pp) +20.9% (±1.0 pp) +67.8% (±0.5 pp) +77.7% (±2.2 pp) +21.5% (±1.2 pp) +6.1% (±1.2 pp) +7.5% (±1.8 pp) +7.4% (±3.9 pp)
vs best S3/S4 -0.6% (±0.9 pp) 0.0% (±0.8 pp) 0.0% (±0.3 pp) +0.5% (±1.2 pp) +1.4% (±1.0 pp) 0.0% (±1.1 pp) +6.7% (±1.8 pp) +2.2% (±3.7 pp)

designs. The comparison nevertheless isolates the practical
behavior of three readily available contextual sources under a
shared generation procedure, which is the deployment setting
we target.

D. LLM training-data contamination

The four targets are widely deployed open-source projects
whose source, official test suites, and manual pages were
almost certainly part of GPT-4o mini’s training corpus. Our
prompts steer the model toward the explicit context (the
supplied test file, manual page, or grammar), but we cannot
guarantee that pre-training memory does not contribute. This
threat does not invalidate the comparison among strategies,
since all LLM-assisted strategies use the same model and are
evaluated under the same generation procedure, but it limits
claims about how much of the generated seed quality comes
from prompt context rather than pre-training exposure.

E. External validity

Four C programs that process structured textual inputs
do not exhaust the fuzzing landscape. Binary formats, net-
work protocols, programs in managed languages, and projects
without test suites remain open extensions. We focused on
programs whose inputs are textual and grammar-like because
this setting is especially plausible for LLM generation. The
fixed target size of 26 seeds controls S2-S4 but not all
comparisons: S0 is intentionally minimal, xmllint S1 contains
23 usable inputs, and hybrid corpora contain 52 to 104 seeds.
The hybrid results therefore show the practical effect of adding
seeds under a twelve-hour budget, not a size-controlled proof
of complementarity. A controlled corpus-size ablation remains
future work.

VII. CONCLUSION AND FUTURE WORK

We evaluated three LLM-assisted seed-generation strategies,
based on test-suite examples (S2), manual pages (S3), and
formal grammars (S4), against a minimal baseline (S0) and
a test-suite baseline (S1) on four C programs that consume
structured textual inputs and two established greybox fuzzers.
Across ten 12-hour runs per configuration, the strongest LLM-
generated corpus improves over S0 in every case, showing that
LLM seeds can provide useful initial diversity when starting
from a minimal corpus.

However, LLM-generated seeds do not replace curated test
suites. S1 obtains the highest final coverage in 7 of 8 target-
fuzzer cells. Formal statistical tests show that S2 is not clearly
different from S1 in four cells, significantly worse in three, and
significantly better in only one. The largest deficits occur on
Lua, where the developer test suite exercises language-internal
behavior that generated scripts do not reproduce. When no test
suite is available, S3 and S4 are the relevant strategies: S3
significantly improves over S0 in seven cells and S4 in five,
but their gains are target-dependent and recover much less of
S1’s advantage on Lua and sqlite. Crash-signature and unique-
bug counts are low and do not show a consistent vulnerability-
discovery advantage for LLM-generated seeds.

Hybrid corpora provide targeted rather than universal gains
over S1. S1+S3 and S1+S2+S3+S4 significantly improve over
S1 on bc and xmllint for both fuzzers. No hybrid involving
S1 significantly degrades coverage. In the absence of a test
suite, S3+S4 does not significantly beat the better of S3 or S4
alone in any cell. The measured API cost of seed generation
is low: about $0.20 across all LLM configurations in this
study, and the resulting corpora require no fuzzer modification.
Overall, offline LLM-assisted seed generation is best viewed
as a practical low-cost supplement to conventional corpus
construction, particularly when curated tests are unavailable,
rather than as a replacement for strong developer test suites.

To support reproducibility, we provide a replication package
containing the prompt templates, generated corpora, compact
per-run results, statistical-analysis scripts, and scripts for re-
building the targets and reproducing the campaign1.
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