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Abstract Keywords

Static analyzers reason about program behavior without execution
and report issues when code violates predefined rules. A key limita-
tion is their production of inaccurate, incomplete results, generating
spurious warnings and missing critical issues. Metamorphic testing
is the most commonly used method to efficiently detect bugs in
static analyzers. It requires designing a set of semantic-preserving
mutators. When a mutator is applied to a seed program, any dis-
crepancy in the analyzer’s reports for the original and mutated
versions indicates a potential bug. Thus, efficiently generating large
numbers of semantic-preserving mutators is critical. We observe
that during routine software maintenance, developers often restruc-
ture code to improve readability or optimize it without changing
external program behavior. Our key insight is that mining and
generalizing these patterns from real-world refactoring practice en-
ables the automatic construction of numerous mutators that reflect
the distribution of real-world code variants. We present SAFuzzer,
a framework that mines such refactoring practice and distills these
edits into semantic-preserving mutators. We ultimately generate
313 mutators and apply them to detect bugs in five widely used
Java static analyzers. SAFuzzer detects 42 previously unknown bugs.
Compared with five state-of-the-art baselines, SAFuzzer detects the
most bugs, demonstrating the value of learning diverse mutators
from real-world refactoring practice.
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1 Introduction

Static analyzers [12, 13, 19, 23] play a vital role in modern software
development. By reasoning about program behavior without exe-
cution, they detect bugs, enforce coding standards, and improve
code quality at scale [11, 26, 32, 33]. Prominent tools such as Spot-
Bugs [33], PMD [26], Infer [11], and SonarQube [32] have been
widely adopted in both open-source projects and industrial prac-
tice [1, 28]. However, static analyzers are complex software systems
and are therefore also susceptible to bugs. Under the documented
semantics of a rule, a false positive [10] occurs when the analyzer re-
ports a warning on compliant code. A false negative occurs when it
misses a genuine violation. We treat such inaccuracies as bugs only
when they violate the rule specification. Both types of inaccuracies
erode developer trust and diminish the practical value of these
tools [18, 37, 41]. Hence, systematically testing static analyzers to
uncover such bugs is important and challenging [14].

To address this, prior work on testing static analyzers commonly
instantiates metamorphic testing [5, 6, 30] for testing static ana-
lyzers. Metamorphic testing can in principle use diverse measur-
able metamorphic relations between inputs, with the correspond-
ing relation checked in the outputs. In this work, we focus on
the equivalence relation used by Statfier [41], where a semantic-
preserving transformation is applied to a seed program to produce
a behaviorally equivalent mutant. Following prior work [41], we
use semantic-preserving to denote transformations that preserve
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the observable behavior of the program, i.e., produce a behaviorally
equivalent mutant. Since the transformation preserves program
semantics, any discrepancy between the analyzer’s reports on the
seed and the mutant indicates a potential bug. The effectiveness of
this strategy hinges on two key requirements: the diversity of the
semantic-preserving transformations, which determines how many
analyzer behaviors can be exercised, and their correctness, which
ensures that any observed discrepancy is a genuine bug rather than
a spurious artifact.

Existing approaches that broadly follow this metamorphic test-
ing paradigm fall into two categories: automated oracle construction
and mutation-based fuzzing, yet neither fully satisfy both require-
ments. For automated oracle construction, He et al. [15] design two
categories of test oracles. The static oracle leverages seven types
of equivalent boolean expressions. The dynamic oracle validates
specific runtime-error properties. This design, however, is bound
to specific runtime checkers such as null pointer dereference and
out-of-bounds access. It also fails to explore the diverse syntac-
tic forms of semantically equivalent program logic. For mutation-
based fuzzing, Statfier [41] defines 12 manually curated semantic-
preserving transformations gathered from existing literature. Al-
though these transformations are carefully verified, their limited
number restricts the range of syntactic patterns that can be explored,
leaving many analyzer blind spots untested.

This raises a natural question: where can we find diverse semantic-
preserving transformations beyond manually designed rules? We
observe that real-world software development already provides
such a source: refactoring commits. During routine maintenance, de-
velopers frequently refactor code to improve readability or optimize
performance without altering external program behavior [21, 31].
These changes are recorded in version control systems and can be
systematically identified from version histories at scale [9, 34, 35].
Because each refactoring commit restructures code while likely pre-
serving its behavior, it inherently encodes a semantics-preserving
transformation rooted in real-world programming practices. Our
preliminary study (Section 2.1) supports this insight. Across 8,552
refactoring commits, such commits frequently change the rule sets
covered by static analyzers. This confirms their potential as a rich
source of transformation patterns for metamorphic testing.

However, turning refactoring commits into a practical testing
framework presents a key challenge: not all refactoring commits
truly preserve program semantics. Developers may bundle inci-
dental behavioral changes alongside restructuring edits. A mutator
derived from such a commit introduces subtle behavioral deviations,
producing spurious report differences that compromise the validity
of the metamorphic oracle.

In this paper, we propose SAFuzzer, a novel framework that
mines real-world refactoring commits and distills them into vali-
dated semantic-preserving mutators. To harvest diverse transfor-
mation patterns, SAFuzzer mines refactoring commits and uses an
LLM-based agent to extract the core semantic-preserving pattern
from each refactoring. It then synthesizes the extracted pattern into
an executable, Spoon-based [25] AST mutator. In this way, context-
dependent refactoring edits are distilled into precise and reusable
transformation specifications. To ensure semantic correctness, SA-
Fuzzer adopts a dynamic behavioral equivalence strategy built on
a staged validation pipeline. Each candidate mutator must satisfy
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a series of progressively stricter goals: compilation, termination,
crash-freedom, mutant compilability, and behavioral equivalence.
At the final stage, SAFuzzer compares the observable runtime be-
haviors of the original and mutated programs at two levels of gran-
ularity: coarse-grained observables (return values, exceptions, and
standard output) and fine-grained variable traces that record every
local variable’s value at scope exit. When any goal is unmet, an
LLM-based refinement loop automatically repairs the mutator for
up to R iterations before discarding it. Only mutators that pass all
validation goals are admitted into the final mutator pool.

Concretely, SAFuzzer operates in three phases. In the Mutator
Invention phase, we collect 8,552 refactoring commits from 1,288
Java repositories on GitHub. We distill these commits into exe-
cutable mutators through an LLM-based pipeline. This pipeline
extracts transformation patterns and synthesizes Spoon-based AST
transformations. In the Mutator Refinement phase, each candidate
mutator undergoes the staged validation pipeline with LLM-driven
refinement to fix or filter out those that fail to preserve semantics,
yielding a validated mutator library of 313 mutators. In the Testing
Static Analyzer phase, the validated mutators are applied at scale to
seed programs, and the analysis reports of target static analyzers
on each seed-mutant pair are compared to detect inconsistencies
that signal potential bugs.

We evaluate SAFuzzer on five widely used Java static analyzers:
SpotBugs, PMD, Infer, SonarQube, and Checkstyle. SAFuzzer de-
tects 42 previously unknown bugs, of which 38 have been confirmed
and 9 have been fixed by developers. Compared with five baselines,
SAFuzzer detects the most bugs and achieves the highest rule cov-
erage improvement, demonstrating the value of learning diverse
mutators from real-world refactoring practice.

In summary, this paper makes the following contributions:

e A refactoring-driven approach for generating semantic-
preserving mutators. We propose mining real-world refactor-
ing commits to automatically construct diverse mutators, over-
coming the limited diversity of manually curated mutators.

e An automated framework with semantic validation. We
design and implement SAFuzzer, a three-phase framework that
integrates LLM-based mutator synthesis with dynamic equiva-
lence checking to ensure the correctness of generated mutators.

o Extensive evaluation with real-world impact. We evaluate
SAFuzzer on five production static analyzers and detect 42 pre-
viously unknown bugs, of which 38 have been confirmed. We
release our tool and dataset for replication at: https://doi.org/10
.5281/zeno0do.21722288.

2 Background and Motivation

2.1 Static Analyzers

Static analyzers [12, 13, 23] reason about program behavior without
executing code. Given an input program, a static analyzer applies
techniques such as data flow analysis and control flow analysis
to construct an abstract representation of the program. It then
checks this abstraction against a set of predefined rules and reports
warnings when the program violates desirable properties. Because
they do not require program execution, static analyzers are widely
adopted in industrial software development for detecting bugs,
enforcing coding standards, and improving code quality [32, 33].
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For these analyzers, a core reporting unit is a rule. Each rule encodes
a specific property that the analyzer checks. For example, SpotBugs
defines the rule NP_LOAD_OF _KNOWN_NULL_VALUE to detect uses of
values that are known to be null due to an earlier null check. When
code violates a rule, the analyzer issues a warning. This warning
specifies the error location and the relevant rule name. Table 1
shows the five widely used static analyzers used in our study, along
with their versions, the number of rules each defines, and the type
of analysis target they operate on.

Table 1: Static analyzers used in our study.

Static Analyzer Version #Rules Analysis Target

Checkstyle [4] 13.3.0 73 Source code
PMD [26] 7.22.0 170 Source code
SpotBugs [33] 49.8 458 Bytecode
SonarQube [32] 8.0.1 590 Source code
Infer [11] 1.2.0 92 Compilation artifacts

2.2 Motivation and Insights

Bugs of Static Analyzers. Despite widespread adoption, static
analyzers are prone to two types of inaccuracies. A false positive
occurs when the analyzer reports a warning on code that does
not actually violate the rule requirement. A false negative occurs
when the analyzer fails to report a genuine violation. Both types of
inaccuracies undermine developer trust and reduce the practical
value of the tool [41]. Detecting and eliminating these inaccuracies
is therefore essential for improving analyzer reliability.

1 class Foo {
public void foo() {

String s = "a";

if (s != null && s instanceof String) {

System.out.println(s); // Warning Reported
6 333}

Listing 1: Seed program where PMD correctly reports a
SimplifyConditional warning,.

1 class Foo {
public void foo() {
3 String s = "a";
4 // Apply a semantic-preserving mutator

String s2 = "a";

6 if (s != null && s2 != null && s instanceof String){
System.out.println(s); // Warning not reported
333}

Listing 2: Semantically equivalent program where PMD fails
to report the warning (Issue-6513).

To further illustrate bugs in static analyzers, we present a con-
crete example of a false negative within PMD, a widely used static
analyzer for Java. Listing 1 shows a Java method with a condi-
tional statement. The statement checks if s is not null and if it is
an instance of String. Since the instanceof operator inherently
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evaluates to false for null references, the explicit null check is log-
ically redundant. PMD correctly identifies this redundancy and
reports a SimplifyConditional warning. In Listing 2, a semantic-
preserving code transformation is applied to the seed program. It
declares a new non-null string s2 and then inserts the condition
s2 != null into the middle of the AND chain. Because s2 is initial-
ized to a valid string, this new condition always evaluates to true.
The overall execution path remains exactly the same. Therefore,
the null check for s remains completely redundant. However, PMD
fails to report any warning on Listing 2. This omission constitutes
a false negative.

This example reveals a systematic blind spot: the analyzer is
sensitive to the syntactic form of a null check rather than its seman-
tic meaning. To detect such bugs, metamorphic testing provides a
general testing strategy. It defines measurable relations between
inputs and checks whether the corresponding relations hold in the
outputs. In this work, we instantiate this strategy with semantic
equivalence. Specifically, we compare the reports of a single ana-
lyzer on a seed program and a behaviorally equivalent mutant pro-
duced by a semantic-preserving transformation. Any discrepancy
in the reported warnings signals a potential analyzer bug. A key
requirement of this strategy is to produce semantic-preserving
mutators that can generate such equivalent program pairs.

Observation 1

Static analyzers are sensitive to syntactic variations of se-
mantically equivalent code, and metamorphic testing with
semantic-preserving mutators is essential to expose such
blind spots.

Empirical Analysis of Real-World Refactoring Commits.
The above study motivates the need for semantic-preserving mu-
tators to effectively exercise diverse analyzer behaviors. To ad-
dress this gap, we focus on real-world refactoring commits. During
routine maintenance, developers frequently restructure code with-
out altering its external behavior (e.g., annotated with refactor
or optimize). We hypothesize that transformations derived from
these commits elicit meaningful behavioral differences in static
analyzers. By altering the structural patterns of the code, these
changes effectively exercise different internal checking logic and
analysis paths, making them a valuable mechanism for testing static
analyzers.

To validate this hypothesis, we conduct a preliminary analysis.
We extract 8,552 refactoring commits and their corresponding pre-
/post- versions from well-known open-source Java repositories (see
Section 3.1 for details). We then evaluate them against three popular
source-level static analyzers: SonarQube, PMD, and Checkstyle. Infer
and SpotBugs are excluded here, as compiling all repository versions
is computationally expensive.

To characterize analyzer behavior, we focus on the concept of a
rule being covered. A rule is applied only when the analyzed code
satisfies specific structural conditions. Conversely, if the code lacks
these structures, the analyzer simply skips the rule and it will never
be covered. For example, the previously mentioned SpotBugs rule
NP_LOAD_OF _KNOWN_NULL_VALUE requires a prior null check and
a subsequent use of the variable. Without these structures, the
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Table 2: Summary statistics of the rule coverage improvement
(A) between the pre- and post- versions.

Analyzer Q1 Median Q3 MeanA
SonarQube 0.0 1.0 1.0 0.89
PMD 0.0 1.0 1.0 0.91
Checkstyle 1.0 2.0 2.0 1.49

rule remains uncovered. Therefore, a rule is covered when the
code provides the required structures and the analyzer executes its
internal checking logic. Since our goal is to evaluate whether trans-
formations explore different analysis paths, we focus on changes in
rule execution. Therefore, for each commit and selected analyzer,
we calculate the symmetric difference in the set of covered rules
between the before and after versions. We define this difference as
the rule coverage improvement (A). For example, if the original
code covers rules A and B, and the refactored code covers rules B
and C, then A is 2 (rule A is no longer covered and rule C is newly
covered).

Table 2 summarizes the distribution of A for each analyzer. For
SonarQube, PMD, and Checkstyle, the median A ranges from 1.0
to 2.0. Across all three analyzers, the consistent trend is clear: a
real-world refactoring commit effectively changes which rules are
covered. This rule coverage improvement demonstrates that these
refactoring-style modifications successfully steer the analyzers into
different internal checking logic and new analysis paths. Since effec-
tive metamorphic testing relies on such structural variety to expose
blind spots, transformations mined from refactoring commits serve
as an ideal source of mutators. To ensure testing reliability, the
semantic equivalence of derived mutators is empirically validated
later during the Mutator Refinement phase (Section 3.2).

Observation 2

Real-world refactoring commits frequently alter the set of
rules covered by static analyzers. This confirms that trans-
formations mined from refactoring practice are a promising
source for constructing semantic-preserving mutators capa-
ble of exposing analyzer bugs.

From Refactoring Commits to Mutators. The above findings
show that refactoring commits offer diverse transformation pat-
terns, but raw commit diffs are too noisy and context-dependent to
serve directly as reusable mutators. Our key insight is to mine and
generalize these patterns into executable transformation specifica-
tions. Figure 1 illustrates a refactoring commit from the Alibaba
Druid repository, where a developer introduces a new variable
txInfo and inserts a null check txInfo != null into an exist-
ing AND chain. We use an LLM to identify the core pattern: insert
‘&& <non-null-var> != null’ into an AND chain, and distill it into an
executable mutator. Applying this mutator to Listing 1 produces
the mutant in Listing 2, which exposes the false negative in PMD.
By mining such commits at scale, we construct a mutator set far
more diverse than what manual design can achieve.

Ensuring Semantic Equivalence. However, not all refactoring
commits truly preserve program semantics. Developers may bundle
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Project: alibaba/druid; #Stars=28.2K

“Commit Message”: “Refactor connection handling
with transaction info validation for null safety”

1 // Prepare readiness condition for the operation

2 boolean ready = num > 10;

3 - if (ready & num < 1000) {

4 - System.out.println(“Action performed”);

5 -1}

6 TransactionInfo txInfo = conn.getTransactionInfo();
7 if (ready 8& txInfo != null && num < 1000) {

8 System.out.println(“Action performed”);

9

}

l “Extracted Transformation Pattern”:

Insert ‘8& <non-null-var> != null’ to AND chain
’—> “Applicability Constraints”:
* Exists or Creates a non-null value variable
LLM ¢ Condition is logical AND extensible

Figure 1: Illustration of a real-world refactoring commit and
extracted transformation pattern.

incidental behavioral changes alongside restructuring edits. A mu-
tator derived from such a commit introduces subtle behavioral devi-
ations, producing spurious report differences that contaminate the
test oracle. To address this, we design a dynamic behavioral equiv-
alence strategy. As stated in prior work [41], semantic-preserving
transformations must not alter the observable behavior of the pro-
gram. Based on this principle, for each synthesized mutator, we
apply it to a seed program and execute both the original and the
mutated version under identical inputs. We then compare their
observable runtime behaviors, including variable values, thrown
exceptions, and standard output. Only mutators that exhibit full
behavioral equivalence across all test executions are admitted into
the final mutator set and used for large-scale metamorphic testing.

3 Approach

We describe the design of SAFuzzer. Figure 2 shows an overview
of the three-phase pipeline: (1) Mutator Invention, which mines
real-world refactoring commits and distills them into raw semantic-
preserving mutators via an LLM; (2) Mutator Refinement, which
validates each mutator’s semantic-preservation through rigorous
dynamic behavior validation; and (3) Testing Static Analyzers, which
applies the validated mutators to test static analyzers via metamor-
phic testing. At a high level, SAFuzzer takes a large corpus of open-
source Java repositories as input and produces a set of validated
semantic-preserving mutators, which are then used to detect false
negatives and false positives in production static analyzers.

3.1 Mutator Invention

Data Collection. The first step of SAFuzzer is to collect a large
set of refactoring commits. Our current implementation targets
the Java programming language. Specifically, we first gather 1,288
Java-primary repositories from GitHub, each with at least 100 stars
and commit activity within the past five years. We then crawl the
commit history of each repository’s main branch. For each commit,
we record the commit message, the full source code before and after



Testing Static Analyzers via Semantic-Preserving Mutators Learned from Real-World Refactoring Practice

n (CCrm v Applicability Check i

: Compilability Check E
Open-Source Raw Mutators +____Equivalence Check !
Repository T

Mutator Verification

_'@ - f{:(i} F"'illT l'zlssl T
(@) S

Re‘factm:mg Transformation Feedback & Refine Valid Mutators
Commits Patterns

Stepl: Mutator Invention Step2: Mutator Refinement

‘ Metamorphic Testing

Static Analyzer

(I>
Selected Mutator Mutant

Bug Report

Seed Program Step3: Testing Static Analyzer

Figure 2: Overview of SAFuzzer.

the modification, and the corresponding diff file that captures the
specific changes introduced. This process yields a total of 19,990
commits. Since our work focuses on refactoring at the function level,
we first retain only those commits that modify a single Java method.
We then apply a set of refactoring-related keywords (e.g., refactor,
optimize) to filter commit messages.

To further verify the nature of each change, we employ a large
language model to analyze the associated diff files. We exclude com-
mits that clearly alter program semantics, such as those introducing
new features or components. In addition, we perform deduplica-
tion by examining both commit messages and code modifications.
Through this pipeline, we ultimately identify 8,552 commits that
primarily involve code refactoring.

Note that we do not assume that all collected refactoring commits
strictly preserve semantic equivalence. On the one hand, verifying
semantic equivalence is challenging. This is because real-world
code changes often rely on complex, project-specific execution en-
vironments that are difficult to reproduce and analyze automatically.
On the other hand, our primary objective is to extract core trans-
formation patterns to maximize the diversity of the mutators. If
any mutators fail to maintain semantic equivalence, we try to fix or
exclude them from the validated mutator set during the subsequent
Mutator Refinement phase (see Section 3.2).

Transformation Pattern Extraction. Raw diffs are too noisy
and context-dependent to serve directly as transformation pat-
terns. A single commit diff often intermingles the core semantic-
preserving pattern with unrelated edits such as whitespace adjust-
ments, variable renames, and logging changes. Directly using such
diffs as mutation templates would produce mutators that are either
overly specific to one code snippet or contaminated by irrelevant
modifications. Therefore, we prompt the LLM to isolate the essential
transformation pattern from each commit.

Specifically, for each collected commit, we prompt the LLM with
the refactoring commit and the source code before and after the
modification. The prompt instructs the LLM to (1) identify the single
core semantic-preserving pattern in the commit, ignoring unrelated
changes; (2) generalize the pattern from concrete variable names
and types to abstract placeholders; and (3) describe the applicability
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1 /* MutatorName. java */
2 public class [MutatorName] extends MutatorBase {
3 @Override

4 public String mutate() {

6 // return the rewritten program content
return getFullFileSource();
L

10 /* MutatorBase.java */
11 public abstract class MutatorBase {
12 // return the updated file content

13 abstract String mutate() ;

14 // Several functions that perform AST analysis
15 String getFullFileSource(){/* ... */}
16 void sanitizeNewNodes(CtElement element){/* ... */}

Listing 3: Semantic-preserving mutator template.

constraints under which the transformation is valid. The prompt
template is shown in Figure 3a.

Raw Mutator Construction. The next step translates each
natural-language transformation pattern into an executable, AST-
level mutator. SAFuzzer prompts the LLM to generate a compilable
Spoon-based mutator that traverses the AST, matches nodes satis-
fying the applicability constraints, and applies the transformation.
The prompt requires the generated code to follow a predefined
mutator template and to trigger the transformation only when the
constraints are met. The prompt template is shown in Figure 3b.
Listing 3 shows a simplified version of the mutator template. The
template provides a base class MutatorBase that declares an ab-
stract mutate method and a set of utility methods for common AST
operations. Each concrete mutator extends this base class and over-
rides mutate to implement its specific transformation logic. This
design ensures a uniform interface across all mutators, allowing
the fuzzing loop to apply any mutator to any seed program through
the same APIL.

3.2 Mutator Refinement

The raw mutators produced by the previous phase originate from
real-world refactoring commits. However, their semantic-preserving
properties have not been formally verified. The LLM may also intro-
duce subtle errors during pattern generalization or code generation.
These errors can silently break semantic equivalence. If a flawed
mutator enters testing, each induced report difference becomes a
false alarm. This makes the pipeline unreliable. Each raw mutator
must undergo rigorous validation before it is admitted into the final
mutator set.

However, verifying that a mutator preserves semantics across
all possible inputs is undecidable in the general case. Semantic
equivalence of two arbitrary programs is a well-known undecidable
problem [29]. Rather than attempting a formal proof, we adopt a
dynamic behavioral equivalence strategy: for each mutator, we apply
it to a seed program and compare the observable runtime behaviors
of the original and mutated versions. Only mutators that exhibit full
behavioral equivalence are admitted into the validated mutator pool.
This approach offers a high probability of semantic preservation.
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Transformation Pattern Extraction Prompt

### You are a Java expert, given a refactoring
commit, your task is: (1) extract the core semantic-
preserving transformation pattern; (2) replace
concrete names or types with abstract placeholders;
(3) describe applicability constraints;

### Inputs
[Refactoring Commit], [Code Beforel, [Code After]

(a) Prompt template for transformation pattern extraction.
Raw Mutator Construction Prompt

### Please implement a mutator that performs
semantic-preserving code transformation using Spoon
framework, the mutator should: (1) be implemented
based on given mutator template; (2) follow the
given transformation pattern; (3) be applied only
when the applicability constraints are met.

### Inputs
[Transformation Pattern], [Mutator Templatel,
[Applicability Constraints]

(b) Prompt template for raw mutator construction.

Mutator Refinement Prompt

### The mutator failed validation at [Goal]. Your
task is to fix the mutator implementation so that
it: (1) correctly traverses and rewrites the Spoon
AST; (2) satisfies all applicability constraints;
(3) preserves the semantic behavior of the original
program.

### Inputs
[Current Implementation], [Feedback on Failure]

### accessible tools
[search_class] , [search_method], ..

(c) Prompt template for mutator refinement.

Figure 3: Prompt templates used in mutator construction.

To systematically check for different categories of errors in the
generated mutators, SAFuzzer decomposes validation into a se-
quence of validation goals with increasing stringency. Each goal
targets a specific failure mode. SAFuzzer advances to the next goal
only after the current one is satisfied. Table 3 summarizes the five
validation goals along with the feedback provided upon failure.

Goals #1 - #3 require that the mutator itself compiles against
the Spoon framework. When applied to seed programs, the mu-
tator must terminate within the time budget and must not throw
uncaught exceptions. Goal #4 requires that the generated mutant
P’ compiles with the standard Java compiler. On failure, P, P’, and
the compilation error are jointly returned to the LLM for correc-
tion. Goal #5 is the most challenging because it requires verifying
that the mutant preserves the observable behavior of the original
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Table 3: Staged validation goals for candidate mutator m.
Goals are checked in order.

Validation Goal

m compiles

m terminates (no hang)
m returns (no crash) P, <stack trace>

m produces a compilable P’ P, P’,<compilation error>
P’ is behaviorally equivalent to P P, P’, <behavior diff>

Feedback on Failure
<compilation error>
P, <timeout info>

Gm|w o =3

program. A mutator that passes the first four goals can still intro-
duce subtle semantic deviations, such as altering a variable deep
inside a loop or reordering side effects. Detecting such deviations
demands fine-grained runtime comparison that goes beyond simple
return-value checking.

To this end, SAFuzzer employs a two-level behavioral compar-
ison protocol. For a candidate mutator m, we first select a seed
program P that satisfies its applicability constraints and generate
the mutant P’ = apply(m, P). SAFuzzer then generates N random
inputs (N = 20 in our implementation) and executes both programs
independently on each input. The mutator passes Goal #5 only if
all N executions satisfy the following two levels of checks:

(1) Coarse-grained observables: The return values, thrown ex-
ceptions, and standard output/error streams must be identical
between P and P’.

(2) Fine-grained variable traces: SAFuzzer instruments both P
and P’ to record the value of each local variable at the point
where it leaves scope. For every variable shared by both the
seed and the mutant, the recorded values must match. Vari-
ables introduced solely by the mutation (e.g., a newly declared
auxiliary variable) are naturally excluded from comparison.

Refinement Loop. When any validation goal is unmet, SA-
Fuzzer uses an LLM-based refinement agent to diagnose the failure
and initiate a refinement iteration. The prompt template used for
refinement is shown in Figure 3c. In each iteration, SAFuzzer sup-
plies the refinement agent with three inputs: (1) the current mu-
tator source code, (2) the index and description of the unmet goal,
and (3) the corresponding diagnostic feedback specified in Table 3.
The refinement agent leverages tools such as searchClass and
searchMethod to query the Spoon API and refine the mutator ac-
cordingly. This loop continues until the mutator satisfies all five
goals for a selected seed or the number of refinement iterations
reaches R. We set R = 10 in our implementation. If the mutator still
fails after R iterations, it is discarded.

Considerations on Semantic Equivalence. Despite our rigor-
ous multi-stage validation process, we acknowledge that dynamic
behavior verification cannot provide a theoretical guarantee of
semantic equivalence. This limitation stems from the inherent in-
completeness of the input space. For example, a mutator that inserts
a try-catch block may appear semantically preserving for most exe-
cutions. Yet its equivalence can fail on rare inputs if the statements
inside the try block throw an exception that would otherwise propa-
gate in the original program. For instance, an arithmetic expression
may raise a division-by-zero exception only under a specially con-
structed input. If such inputs are absent from the N randomly gen-
erated test cases, the dynamic verification phase may incorrectly
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accept the mutator as semantically equivalent. Hence, choosing a
small N increases the chance of admitting non-equivalent mutators,
while choosing a large N increases computational cost without sub-
stantially changing the outcomes. In our implementation, we select
N = 20 based on an empirical convergence analysis. We vary N
from 5 to 100 and measure how often the Goal #5 pass/fail verdict
changes as N increases. Once N exceeds 20, the verdicts stabilize
for more than 97% of mutators. Note that even a larger value of
N does not fully guarantee that a mutator preserves semantics.
Even if a non-equivalent mutator escapes the refinement phase, the
resulting spurious inconsistency is discarded during the manual
bug verification step before any report is submitted to developers.

3.3 Testing Static Analyzers

After collecting a set of validated semantic-preserving mutators,
SAFuzzer enters its core fuzzing loop to systematically test the
target static analyzers. Algorithm 1 details this process.

Given a corpus of seed programs S and a set of validated muta-
tors M, SAFuzzer iterates over each seed program p € S. For each
seed, the framework performs up to K = 50 mutation attempts.
In each attempt, a mutator m is randomly sampled from M. If m
is applicable to p (i.e., p contains at least one AST node satisfy-
ing m’s preconditions), the mutator produces a mutant p’ = m(p).
Both p and p’ are then scanned by every target static analyzer A
in the analyzer set A (e.g., SpotBugs and Infer), yielding analysis
reports R, and Ry, respectively. The comparison of these reports
serves as the metamorphic test oracle. Since p’ is obtained from p
via a semantic-preserving transformation, the two programs are
expected to exhibit identical runtime behavior, and the analysis
results should therefore remain consistent. Such an inconsistency
indicates a potential false positive or false negative bug in the static
analyzer. All detected inconsistencies are forwarded to human re-
viewers through manual_check. Only inconsistencies confirmed
as real analyzer bugs are added to the report set 5.

Bug Verification and Reporting. To ensure the quality of bug
reports, we conduct a rigorous manual verification process before
submitting any bug report. As shown in Listing 2, the SimplifyCond
itional rule requires flagging all redundant null checks preced-
ing an instanceof expression. If the static analyzer fails to issue
a warning for this violation after the insertion of a semantically-
preserving code snippet, we classify it as a confirmed false negative.
In addition, seed programs undergo multiple rounds of mutation
during the fuzzing loop, which may result in overly lengthy test
cases that hinder developers from identifying the root cause of
bugs.

To minimize developer effort, we manually reduce confirmed
test cases before submitting the bug report. Specifically, we first
identify the root cause that causes the inconsistency of analyzers
and then remove irrelevant code. The final minimal test case meets
a key requirement: removing any remaining statement will prevent
the bug from being reproduced. This process generates concise,
self-contained test cases that clearly demonstrate the root cause of
bugs, enabling static analyzer developers to conduct efficient bug
triage and resolution.
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Algorithm 1: The fuzzing loop of SAFuzzer.

Input: A Corpus of Seed Programs: S; Validated Mutators: M;
Static Analyzers: A; Max Mutations Per Seed: K
Output: Bug Reports: B

1 B0

2 foreach p € S do

3 fori <« 1to K do

4 m « random_select(M);

5 if is_applicable(m, p) then

6 p’ < apply(m, p);

7 foreach A € A do

8 R, < analyze(A, p);

9 Ry « analyze(A,p’);

10 /* compare the differences between reports */
1 if Ry, # Ry then

12 b « manual_check(p, p’, Rp, Ry );
13 if b # L then

14 ‘ B «— BU{b};

15 pep

16 return B;

3.4 Implementation

We implement SAFuzzer as an extensible testing framework for Java
static analyzers, comprising approximately 26,364 lines of Python
and Java code, including a core framework of 5,751 lines and 313
mutators totaling 20,613 lines.

For all LLM-assisted mutator invention and refinement phases
(i.e., including transformation pattern extraction, raw mutator con-
struction, and iterative refinement), we use Qwen3-Max [38] as the
backbone model. We select Qwen3-Max for its strong code compre-
hension and generation capabilities, as well as its ability to follow
structured prompts reliably [38]. All mutators are built on top of
the Spoon framework, which provides fine-grained AST querying
and rewriting support for Java programs.

4 Evaluation
The evaluation is guided by the following research questions:

e RQ1 (Mutator Synthesis): How many mutators can SAFuzzer syn-
thesize, and what does the invention and validation process cost?

e RQ2 (Bug Detection of SAFuzzer): How effective is SAFuzzer in
detecting real bugs in production static analyzers?

¢ RQ3 (Comparison with Baselines): How does SAFuzzer com-
pare with existing baselines in terms of bug detection and the
rule coverage of the analyzers?

4.1 Experiment Setup

Target Static Analyzers and Seed Programs. We evaluate SA-
Fuzzer on five widely used Java static analyzers listed in Table 1:
Checkstyle [4], PMD [26], SpotBugs [33], SonarQube [32], and In-
fer [11]. These analyzers collectively represent different analysis
strategies and cover a wide range of rules as a comprehensive eval-
uation target. We use the versions listed in Table 1 for all analyzers.
For the seed pool, we collect programs from the official regression
test suites of static analyzers, following prior work [41].
Baselines. We compare SAFuzzer with the following baselines:
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Table 4: Mutator synthesis pipeline of SAFuzzer. The ‘Pass
Rate’ is calculated out of 8,552.

Pipeline Stage Count Pass Rate

Mined refactoring commits 8,552 -
Extracted Transformation Pattern 8,552 -
Generate raw mutators 8,552 -
Pass mutator itself compilation (Goal #1-#3) 4,789 56.0%
Pass mutant compilation (Goals #4) 2,162 25.3%
Pass semantic-equivalence (Goals #5) 313 3.7%

Statfier [41]: a mutation-based fuzzer that applies 12 manually
curated semantic-preserving transformations to test static ana-
lyzers via metamorphic testing.

He et al. [15]: an automated oracle construction approach that
uses dynamic execution to validate the presence of runtime errors.
Since this approach originally targets C/C++, we re-implement it
for Java by mapping its core oracle logic to equivalent Java run-
time checkers (e.g., checking NullPointerException dynami-
cally). To verify our migration, we evaluate it on 30 known Java
analyzer bugs and confirm it reproduces the expected issues.

o Fuzz4All [36]: an LLM-based universal fuzzer that generates
diverse test inputs for various software systems. To adapt it for
metamorphic testing, we configure it to use only its semantic-
equiv generation strategy.

WhiteFox [39]: an LLM-based fuzzer that uses white-box in-
formation from compilers to guide test generation. To adapt it,
we modify its system prompt to generate semantic-preserving
mutants from seed programs.

o LLM-Direct: a direct LLM baseline using the same Qwen3-Max
backbone. It asks the model to produce semantic-preserving pat-
terns and mutators without refactoring commits. It then uses the
same validation and refinement pipeline as SAFuzzer.

For a fair comparison, all tools use the same seed pool, target
the same set of static analyzers, and share a 24-hour time budget.

4.2 RQ1: Mutator Synthesis

Overview of Mutators. Table 4 traces each candidate through the
synthesis pipeline. Starting from 8,552 refactoring commits mined
from open-source repositories (Section 3.1), SAFuzzer prompts the
LLM to generate one candidate mutator per commit. Among the
8,552 initial candidates, 4,789 (56.0%) compile successfully against
the Spoon framework and pass Goals #1-#3. From these compilable
mutators, 2,162 (25.3%) successfully produce compilable mutants
when applied to the seed programs (Goal #4). The remaining candi-
dates undergo rigorous behavioral equivalence checking (Goal #5),
resulting in 313 validated mutators that pass all five staged vali-
dation goals, yielding an overall validation rate of 3.7%.

The refinement loop (Section 3.2) is critical for recovering mu-
tators that initially fail validation. Among the validated mutators,
67.4% require at least one round of LLM-assisted refinement, av-
eraging 2.71 iterations per repaired mutator. This suggests that
the staged feedback mechanism is effective. Most fixable errors
are resolved within a few iterations, as the LLM successfully uses
structured diagnostics to produce targeted fixes.
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Analysis of Invalidated Mutators. To understand why many
candidates fail validation, we analyze their failure modes. Among
the 3,763 (8,552-4,789) mutators that fail compilation, the most com-
mon issues are (1) incorrect usage of Spoon API methods (42.1%), (2)
mismatched AST node type checks (31.5%), and (3) logical errors in
applicability constraint checks (26.4%). For mutators that compile
but fail behavioral equivalence, we observe two primary causes:
(1) the transformation inadvertently alters control flow or side ef-
fects in edge cases not covered by the seed program (78.3%), and
(2) the LLM over-generalizes the pattern, introducing changes that
are not truly semantic-preserving (21.7%). We illustrate this with a
concrete example. The following two boxes show a transformation
pattern produced by the LLM that is clearly not semantic-preserving.
Mutators derived from such patterns will be rejected during the
behavioral equivalence checking stage (Goal #5).

s M
StreamLogging: “Add logging to a lambda expression within
a stream operation to track the number of processed elements

and filter results.”.
J

N
ExplicitNulllnitializationRemoval: “Remove explicit code
that initializes a variable to null’.

Generation Costs. SAFuzzer is highly cost-effective. Processing
8,552 candidate mutators requires 31,823 LLM API calls. This con-
sumes 105.6 million input and 42.6 million output tokens, averaging
3,318 input and 1,338 output tokens per call. Under Qwen3-Max [38]
pricing, each validated mutator costs approximately $0.04. This es-
timate includes failed raw mutators, failed refinement attempts,
and candidates discarded by the validation goals. Synthesizing the
entire mutator set takes 38.2 wall-clock hours. LLM response wait
times account for 81.2% of this duration. Compilation and dynamic
testing occupy the remaining time.

SAFuzzer successfully synthesized 313 validated semantic-
preserving mutators from 8,552 real-world refactoring com-
mits, costing $0.04 and requiring 2.71 refinement iterations
on average. This demonstrates the practicality of our LLM-
assisted approach.

4.3 RQ2: Bug Detection of SAFuzzer

Detected Bugs. To evaluate bug-finding capability in the wild,
we deployed SAFuzzer in an extended fuzzing campaign over a
month. We mark an issue as confirmed only when developers ac-
knowledge it as a genuine bug through comments, labels, or fixes.
An unconfirmed issue is still pending developer review. Table 5
summarizes the bugs detected by SAFuzzer across the five target
static analyzers during this period. In total, SAFuzzer reports 42
bugs, including 34 false negatives and 8 false positives, to the re-
spective bug trackers. Developers confirm 38 of these reports, and
9 have already been fixed, showing that most reported issues are
genuine and that several lead to fixes. SpotBugs receives the most
reports (18), followed by PMD (10) and Infer (8). By identifying
both false positives (spurious warnings) and false negatives (missed
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Table 5: Status of bugs detected by SAFuzzer.

Status SpotBugs PMD Infer SonarQube Checkstyle|Overall
Reported 18 10 8 4 2 42
Confirmed 17 8 8 3 2 38
Fixed 3 4 0 0 2 9
Won’t Fix 1 2 0 1 0 4

FP 5 1 2 0 0 8

FN 13 9 6 4 2 34

violations), SAFuzzer demonstrates its capability to expose diverse
inaccuracies in static analyzers.

Manual Validation Effort. To ensure the reliability of the bug
reports, we manually inspect all inconsistencies to understand their
root causes. In our experiments, SAFuzzer detects 45 inconsisten-
cies, and the inspection takes about 5 hours. Of these 45 cases, only
3 (6.7%) are filtered out because the 3 corresponding mutators fail
to preserve semantic equivalence under specific conditions. For
example, one rejected case rewrites Boolean. TRUE. equals(flag)
as flag == true. This rewrite is not equivalent when flag is null.
The rewritten expression throws a NullPointerException due to
unboxing, whereas the original expression safely returns false. The
remaining 42 cases (93.3%) are reported to developers.

We further analyze the confirmed bugs. A recurring pattern is
syntactic sensitivity: analyzers often fail to recognize semantically
equivalent code. For instance, issue PMD-6513 (Listing 2) shows
that inserting a redundant non-null conjunct into an AND chain pre-
vents the SimplifyConditional rule from triggering, despite the
unchanged logic. For another example, Issue SpotBugs#3886 demon-
strates the following behavior. Swapping the two operands in a
check for odd numbers using the modulus operator from “i % 2 ==
1”to “1 == i % 2”leaves the program logic fully equivalent. How-
ever, this syntactic change prevents the IM_BAD_CHECK_FOR_ODD
rule from being triggered. This confirms that static analyzers are
brittle to syntactic variations, and our semantic-preserving muta-
tors effectively expose such blind spots.

Effective Mutators. To identify which transformation patterns
are most effective at uncovering analyzer bugs, we analyze the 42
reported bugs and trace each back to the mutator that exposed it.
Note that a single bug may correspond to multiple mutators, as
SAFuzzer applies mutators to seed programs iteratively.

Table 6 lists the top 10 mutators. The most effective ones are
EqualityCheckTolnstanceof, ConditionalBlockInsertion, and Parenthe-
sesAddition, each of which triggers 4 bugs across multiple analyzers.
Notably, these mutators target fundamentally distinct aspects of
analyzer logic: the former rewrites type-checking idioms, while
the latter inserts structurally redundant elements. Their high effec-
tiveness indicates that analyzers are vulnerable to a broad range of
syntactic changes rather than just a single type of rewrite.

Further investigation reveals two recurring themes among the
top-ranked mutators: First, condition-related mutators dominate.
Six of the top 10 mutators, such as ConditionalBlockInsertion and If-
ConditionReordering, manipulate conditional expressions or control
flow guards. This reveals a systematic weakness: analyzers easily
miss violations or introduce spurious warnings upon minor syn-
tactic rearrangements of logically equivalent conditions. Second,
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Table 6: The top 10 mutators involved in the 42 bug-triggering
test cases.

Mutator Name # Triggered Bugs
EqualityCheckToInstance. 4 SB#3916, IF#2001, SQ#S2259, PMD#6513
ConditionalBlockInsert. 4 SB#3894, IF#2015, SB#3929, PMD#6518
4 SB#3904, [F#2015, PMD#6491, CS#19162

3 SB#3886, SB#3920, SB#3963

ParenthesesAddition
IfConditionReordering

VariableAddition 3 SB#3884, IF#2015, IF#1993
NullCheckReordering 3 SB#3920, SB#3886, SB#3916
ConditionalLogicInsert. 2 PMD#6518, SB#3978
MethodChainCallSwap 2 SB#3966, PMD#6494
ConditionNegation 2 PMD#6435, SB#3963

SingleLineReturnToBlock 2 PMD#6491, PMD#6519

Table 7: Sensitivity of SAFuzzer to different LLM backbones.
Variants are evaluated on the same 200 refactoring commits.

Variant #Mutators Pass Rate #Bugs Avg. Cost
SAFuzzergpr 9 4.50% 2 $0.09
SAFuzzerps 6 3.00% 1 $0.05
SAFuzzer 11 5.50% 3 $0.04

structurally additive mutators are highly effective. For example,
ParenthesesAddition reveals 4 bugs by adding redundant parenthe-
ses without altering data or control flow. This confirms that some
rules rely excessively on surface-level syntactic structures over
semantic properties.

Sensitivity to Backbone LLM. SAFuzzer uses Qwen3-Max
(snapshot qwen3-max-2025-09-23) as the backbone LLM for pat-
tern extraction, mutator construction, and refinement. To evaluate
whether its effectiveness generalizes across LLM backbones, we
construct two variants by replacing Qwen3-Max with alternative
models. The first variant, SAFuzzergpr, uses GPT-40 [22] (snap-
shot gpt-40-2024-11-20). The second variant, SAFuzzerpgs, uses
DeepSeek-V3.2 [8] (snapshot DeepSeek-V3.2-2025-12-01). We
evaluate all variants under the same setup. For each, we randomly
sample 200 refactoring commits, synthesize mutators, deploy them
in the fuzzing loop for 24 hours, and measure their effectiveness.

As Table 7 shows, SAFuzzer is not tightly coupled to a specific
LLM. All three models successfully produce validated mutators that
detect real bugs. Performance differences stem from code genera-
tion quality: Qwen3-Max and GPT-4o0 generate more compilable,
semantically correct Spoon mutators, yielding higher validation
pass rates. However, even the weakest model (DeepSeek-V3.2) de-
tects new bugs affordably, meaning practitioners can swap LLMs
based on budget or availability without sacrificing core capabilities.

SAFuzzer detected 42 bugs (34 false negatives and 8 false
positives) across five production static analyzers, with 38
confirmed and 9 fixed. Moreover, SAFuzzer is not sensitive to
the LLM backbone, as all three evaluated models successfully
produce bug-detecting mutators.
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4.4 RQ3: Comparison with Baselines

In this RQ, we compare SAFuzzer with the five baselines described
in Section 4.1 in terms of bug detection capability and rule coverage
improvement. We run each tool for the same 24-hour time budget
using the same seed pool and target the same five static analyzers.

Bug Detection Capability. Figure 4 shows the bug detection re-
sults under the same 24-hour setting for all baselines. SAFuzzer de-
tects 12 bugs, compared to Statfier (8 bugs), WhiteFox (7 bugs),
Fuzz4All (5 bugs), LLM-Direct (4 bugs), and He et al. (3 bugs). This
advantage stems from the diversity of SAFuzzer’s mutators. Pat-
terns mined from real-world refactoring commits exercise syntactic
variations that fixed rule sets (Statfier), direct LLM-designed trans-
formations (LLM-Direct), and general-purpose LLM generators
(Fuzz4All, WhiteFox) cannot reproduce. For example, PMD#6513
(Listing 2) is revealed by inserting a redundant conjunct into an AND
chain, a transformation directly learned from developer practice
and absent from all baselines. Furthermore, while Fuzz4All and
WhiteFox can produce diverse code, they lack semantic equiva-
lence guarantees, which limits the reliability of their metamorphic
oracles. LLM-Direct’s lower bug count shows that refactoring com-
mits provide useful transformation evidence beyond unguided LLM
generation. The staged results further explain this gap. LLM-Direct
generates 520 raw mutators as the starting pool. Among them,
296 (56.9%) pass mutator compilation and the structural checks
in Goals #1 to #3. Only 140 (26.9%) produce compilable mutants
in Goal #4, and 16 (3.1%) pass semantic equivalence validation in
Goal #5. Thus, direct prompting yields many candidates, but most
are filtered out before they become validated mutators. Overall,
these results confirm that SAFuzzer achieves the strongest bug
detection capability among all evaluated tools.

Fuzz4All (5)

WhiteFox (7)
He et al. (3)

LLM-Direct (4)

SAFuzzer (12) Statfier (8)

Figure 4: Comparison of bug detection capability.

Rule Coverage Improvement. Rule coverage measures the
comprehensiveness of a testing approach by reflecting its ability to
exercise diverse checking logic encoded in the analyzer’s predefined
rules. We report the distribution of the Rule Coverage Improvement
metric A across all (seed, final mutant) pairs. Because the gener-
ated mechanisms differ across tools, we select the final mutant m*
for each tool as follows: m* as the 50th mutant for SAFuzzer and
LLM-Direct, the 30th mutant for Statfier, the 10th mutant for He et
al., and the 100th mutant for Fuzz4All. For WhiteFox, m* is defined
as the 1st mutant generated by the LLM. Since each seed under-
goes a sequence of mutations, the final mutant better reflects the
cumulative complexity that each tool is designed to produce. For
LLM-Direct, we use the same depth as SAFuzzer to isolate the effect
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Table 8: Percentage of first-valid mutants that trigger at least
one new analyzer rule (A > 0).

Tool Checkstyle PMD SpotBugs SonarQube Infer
SAFuzzer 46.8% 52.6% 48.3% 49.1% 22.8%
Statfier 19.6% 24.8% 15.9% 20.7% 10.6%
Fuzz4All 25.4% 30.7% 21.2% 28.4% 14.9%
WhiteFox 34.1% 36.9% 17.5% 31.6% 16.4%
He et al. 8.7% 7.4% 6.8% 6.5% 5.7%
LLM-Direct 22.3% 23.5% 13.6% 19.8% 9.8%

of refactoring-derived transformations. To ensure a fair comparison,
all tools operate under a uniform 24-hour time budget.

As shown in Figure 5, SAFuzzer achieves the highest median A
across all five analyzers including the LLM-Direct comparison. For
example, on PMD, SAFuzzer reaches a median of 48, outperforming
WhiteFox (42), Fuzz4All (36), Statfier (33), LLM-Direct (39), and He
et al. (7). This advantage remains consistent on the other analyzers.
On SonarQube, SAFuzzer attains a median of 44, compared to 36
for the best baseline, WhiteFox. On Checkstyle, SpotBugs, and Infer,
SAFuzzer achieves median A values of 33, 39, and 11, respectively,
outperforming the best baselines in each case. Across Checkstyle,
PMD, SpotBugs, SonarQube, and Infer, LLM-Direct obtains median
A values of 31, 39, 29, 30, and 7, respectively. It remains below
SAFuzzer on every analyzer. He et al. exhibit the lowest cover-
age overall, as their oracle construction approach targets narrow
runtime properties rather than exercising diverse syntactic forms.
These results confirm that the refactoring-derived mutators of SA-
Fuzzer induce broader behavioral variation in static analyzers than
both manually curated and LLM-generated transformations.

Normalized Depth-1 Transformation Quality. To quantify
transformation quality at the same mutation depth, we also conduct
a normalized depth-1 experiment. Specifically, we fix the mutation
depth to one for SAFuzzer and all baselines. All tools use the same
seed pool, target the same five analyzers, and run under the same
24-hour budget. For each seed, we keep only the first valid mutant
generated by each tool and compare its analyzer-rule set with that
of the original seed. If the mutant triggers at least one new rule
(A > 0), we count it as a successful first-valid mutant. We report the
percentage of such mutants to measure how often a single semantic-
preserving step creates analyzer-visible structural variation.

Table 8 shows that SAFuzzer achieves the highest new-rule cov-
erage rate on all five analyzers. Its rate ranges from 22.8% on Infer to
52.6% on PMD. In contrast, the best baseline only reaches 34.1% on
Checkstyle, 36.9% on PMD, 21.2% on SpotBugs, 31.6% on SonarQube,
and 16.4% on Infer. Statfier is limited by a small set of manually
designed transformations. Fuzz4All, WhiteFox, and LLM-Direct
can generate diverse code, but their first valid mutants less consis-
tently produce semantics-preserving structural changes around the
seed. These results show that SAFuzzer’s advantage comes from
refactoring-derived mutators that expose new analyzer logic in a
single semantic-preserving mutator.

SAFuzzer can detect the most bugs and achieves the highest
rule coverage improvement compared to baselines.
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Figure 5: Comparison of rule coverage improvement (A).

5 Discussion
5.1 Generalizability of SAFuzzer

The core design of SAFuzzer is built on two language-dependent
components: the AST manipulation layer (currently Spoon for
Java) and the refactoring commit corpus. Higher-level components,
including the LLM-based transformation pattern extraction, the
staged validation pipeline, and the metamorphic testing loop, are
entirely language-agnostic. When adapting to a new language, the
process involves replacing the AST framework (e.g., Tree-sitter [2]),
collecting refactoring commits from repositories written in the tar-
get language, and re-running the mutator invention and refinement
phases. Because the LLM generalizes transformation patterns from
natural-language descriptions rather than language-specific syntax,
the extracted patterns remain largely transferable.

5.2 Threats to Validity

External Validity. The primary external threat concerns the rep-
resentativeness of the refactoring commits used to construct our
mutator set. We collect 8,552 refactoring commits from 1,288 open-
source Java repositories on GitHub, filtered by star count and recent
activity. Although this corpus is large and diverse, it may not fully
represent refactoring practices in proprietary or domain-specific
codebases. Moreover, as noted in Section 3.1, we do not assume
that all collected commits strictly preserve semantic equivalence;
some may bundle behavioral changes alongside structural edits. To
mitigate this, our Mutator Refinement phase (Section 3.2) filters out
any mutator that fails to preserve observable behavior, so impure
commits do not propagate into the final mutator pool.

Internal Validity. The main internal threat lies in the sound-
ness of our semantic equivalence verification. Because verifying
semantics across all possible inputs is undecidable in the general
case [29], dynamic validation may still incorrectly admit flawed
mutators if the inputs fail to cover corner-case divergences. To
mitigate this, as discussed in Section 3.2, we empirically tune the
number of randomized inputs to effectively balance validation reli-
ability with computational cost. Additionally, we manually inspect
all candidate inconsistencies to confirm they arise from genuine
analyzer bugs rather than from mutator-induced semantic changes
before submitting reports to developers.

6 Related Work

Testing Static Analyzers. Testing static analyzers requires ad-
dressing the complex oracle problem and syntactic sensitivity [3,
20]. Statfier [41] detects analyzer inconsistencies via metamorphic

testing by applying manually predefined semantic-preserving trans-
formations to seed programs. Zhang et al. study annotation-induced
faults in static analyzers [42] and characterize program represen-
tation faults of static analysis frameworks. Additionally, other ap-
proaches evaluate analyzer soundness and track warnings across
versions by constructing differential benchmarks or applying dy-
namic filtering engines [16, 24]. While existing works rely on man-
ually predefined rules, SAFuzzer mines real code evolution history
to generate diverse semantic-preserving mutators.

LLM-based Generative Fuzzing. Recent advancements lever-
age large language models to automate and enhance software test-
ing across various domains. Fuzz4All [36] leverages LLMs and dy-
namic autoprompting to generate highly diverse edge-case test in-
puts for various compilers across multiple languages. KNighter [40]
transforms static analysis by using LLMs to synthesize new check-
ers for detecting kernel bugs, while Jiang et al. [17] enhance existing
analyzer rules via fact-aligned, template-constrained LLM genera-
tion. Additional studies leverage neural networks for probabilistic
structure generation or employ iterative feedback loops to resolve
compilation and semantic bugs in model-generated code [7, 27].
By using LLMs solely to extract deterministic rules during mutator
construction, SAFuzzer not only mitigates semantic hallucinations
but also significantly reduces token consumption.

7 Conclusion

We are the first to systematically mine real-world refactoring com-
mits to test static analyzers. We present SAFuzzer in this study, a
novel metamorphic testing framework that distills these commits
into diverse and verified mutators using large language models and
dynamic validation. SAFuzzer identifies 42 new bugs in widely used
Java static analyzers. Crucially, our approach successfully exposes
structural blind spots that existing fuzzing baselines miss. We be-
lieve this work provides a practical foundation for building more
reliable static analysis tools.

8 Data Availability Statement
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