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Abstract

Mutation testing introduces synthetic defects into a program under
test to assess test suite adequacy. While recent advances in large
language models (LLMs) have led to more realistic and hard-to-
kill mutants, the field is currently dominated by single-purpose
research prototypes that tightly couple the mutant generation tech-
nique with the LLM provider and build environment, thereby re-
quiring mutation testing researchers to re-implement techniques
for empirical comparison. To address this challenge, this paper
introduces multiplex, a modular LLM-based mutation framework.
multiplex enables researchers to implement their own LLM-based
mutant generation (MG) modules to prototype or compare tech-
niques, as well as configure and create language, LLM or framework-
specific modules for extended study. In addition to providing an
overview of the system design and implementation, this paper
demonstrates how researchers can use multiplex to prototype and
compare techniques, along with sharing experiments conducted
with multiplex and outlining future extensions. The tool is avail-
able at https://github.com/LLM-Mutation/multiplex, and a video
demonstration is available at https://youtu.be/l-hj7Pmn3oo0.
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1 Introduction

Mutation testing is a state-of-the-art method for evaluating test
suite adequacy through inserting synthetic faults into the code-
under-test and asserting whether the test suite detects them. Re-
cent advances in large language models (LLMs) have enabled muta-
tion testing researchers to create tools that generate more diverse,
context-specific mutants that resemble real code defects [15].
Current LLM-based mutant generation (MG) approaches are
embedded into environment-specific tools (often research proto-
types) that dictate the language, build system (e.g., MAVEN) or LLM
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provider that a researcher must use. However, the MG techniques
themselves, being prompt-based, are often platform agnostic. As
such, mutation testing researchers are having to re-implement MG
techniques with a common execution mechanism and LLM provider
in order to evaluate them in empirical studies [12, 15]. Not only does
this create additional work, it also introduces a threat to validity
regarding the implementation accuracy. This means that there is an
urgent need for a unified, but modular, LLM-based mutant genera-
tion framework that enables researchers to share and compare MG
techniques, while also using them in their chosen environment.
To address this challenge, this paper presents multiplex (mutation
analysis with large language models for testing, in a prompt-level
experimentation framework), a modular framework designed for
rapid prototyping and empirical comparison of LLM-based muta-
tion techniques. multiplex enables users to construct and share
modules for language parsing, mutant generation, LLM interfacing
(i.e., cloud and local) as well as mutant execution and evaluation.
Along with describing multiplex’s design and implementation, this
paper shows how mutation testing researchers can use and extend
it. It also overviews a comparison of five LLM-based MG techniques
using multiple LLMs against 279 DErFEcTs4] bugs using multiplex
as well as transferring these MG techniques to Python. We offer
these methods as existing modules with the multiplex framework.

2 Related Mutant Generation Tools

Traditional rule-based tools, such as Major [8] and PIT [3] for Java,
apply small syntactic code changes based on predefined transfor-
mation patterns. Large language models (LLMs) have enabled the
generation of context-aware mutants that mimic real developer-
introduced faults [12, 15]. Generally, techniques fall under two
categories: Mask-and-Predict and Guided Re-implementation.
Mask-and-Predict techniques “hide” a segment of code from the
language model and prompt it to infill the segment with possi-
ble alternatives. The pre-LLM tool, yBERT, masks tokens within
Java expressions and asks the pre-trained language model, CoDE-
BERT, to predict them [4]. uBERT then replaces masked tokens with
predicted tokens to create mutants. LLMORPHEUS uses a similar
approach, but instead prompts LLMs to generate the replacements
for a pre-set list of masked code patterns [14]. LLMORPHEUS can
switch LLMs, but is tied to STRYKER]S’s mutant execution mecha-
nism. Both tools were initially evaluated only against traditional
rule-based baselines, as no other LLM-based approaches existed
for comparison at the time. However, the field now demands direct
comparisons between competing LLM-based strategies which can
be facilitated by the multiplex tool, as demonstrated in Section 3.3.
Guided Re-implementation provides the LLM with a code seg-
ment and requests differing implementations given specific guid-
ance. The BUGFARM tool creates hard-to-detect and hard-to-repair
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Figure 1: System overview of multiplex. Researchers can design and adapt each module to facilitate empirical studies.

mutants by identifying multiple individual lines that are not “well-
attended” by the test suite and prompting an LLM to mutate them,
before combining them as a mutant [7]. The open-source tool, Mu-
TAHUNTER, is both language- and build-tool-agnostic [2]. Although
not explicitly documented, MUTAHUNTER supports either an Ope-
nAl cloud LLM or an Ollama-run local LLM. MUTAHUNTER is one of
the most popular open-source LLM-based mutation tools by GitHub
star count, highlighting a demand for this type of approach.

The LLMuT tool was created to explore the use of a few-shot
prompting technique across different LLM configurations [15]. Wang
et al. performed a comprehensive study comparing LLMuT with
both rule- and LLM-based mutant generation strategies, including
BugFarm and LLMoRPHEUSs [15]. To perform their study, Wang
et al. re-implemented the LLMORPHEUS tool in Java to enable a
comparison with the Java prompts and tools. The SEMANTIC MUTA-
TION WITH ADAPTIVE RETRIEVAL AND TUNING (SMART) approach
applies retrieval-augmented generation (RAG) using a vectorized
dataset of real bugs, code chunking and LLM fine-tuning, aiming to
improve mutant generation with LLMs [16]. While this study com-
pares SMART with LLMoRrpHEUS and LLMUT, it seems to also have
used its own implementation of LLMORPHEUS, as the original tool is
not available for Java. This study also compares multiple LLMs for
SMART and LLMuT, but uses only a single LLM for LLMORPHEUS.
Using multiplex would enable this study to be performed in mul-
tiple languages and by using multiple LLMs without the need for
re-implementation, instead only needing approach configuration.

Intent-based mutation testing uses mutated code intents to prompt
the LLM to implement an incorrect code intent [5]. The Round-
Trip Mutation Testing (RTM) approach uses LLMs to extract the
code intent from a piece of code, mutate the intent and ask the
LLM to implement the mutated intent [6]. This approach is similar
in concept to the existing multiplex-implemented approaches and
therefore can be implemented in multiplex for comparison.

All of these LLM-based mutant generation methods are concep-
tually platform-agnostic in that they primarily consist of text-based
prompts submitted to an LLM. However, they are embedded in tools
that are often coupled with a specific programming language, build
environment or LLM provider [12, 15], thus making them difficult
to clearly compare in experiments. The popularity of tools like Mu-
TAHUNTER reveals an underlying desire for platform-independent
techniques. To overcome this challenge, multiplex offers a unified
framework for building and sharing mutant generation techniques,

enabling researchers to conduct standardized comparisons regard-
less of language or test framework, thereby removing the time-
consuming need for a researcher to re-implement each one.

3 multiplex Background and Existing Use

We created multiplex, shown in Figure 1, to implement LLM-based
mutant generation (MG) techniques guided by hazard analysis [12].
This section overviews hazard analysis and explains why using it
to guide LLM-based MG necessitated the creation of multiplex.

3.1 Hazard Analysis Techniques

Safety-critical industries employ hazard analysis methods to eval-
uate processes for potential risks, enabling engineers to identify
the possible causes and consequences of things going wrong. The
HAZOP (HAZard and OPerability study) method identifies haz-
ards as deviations from the original intended design using guide
words, such as More or Part Of, to rephrase the intended design
to cause deviations. For instance, given a train, applying More to
the parameter Speed may cause it to operate beyond safe limits.
The STPA (System-Theoretic Process Analysis) method defines
hazards as “unsafe control actions” (UCAs) issued by a controller—
human or software—through inappropriate, missing or untimely
commands. For instance, if a train driver were to issue an open-door
command Too Early—before the train stops—this would constitute
a UCA despite the individual components functioning correctly.
To apply these methods to LLM-based mutant generation, three
common LLM-supported steps were required: first, describe the
code under test—for HAZOP, this required natural-language de-
scriptions; for STPA, a control flow diagram. Second, perturb these
descriptions using each method’s prescribed guide words to create
HAZOP deviations and STPA UCAs for the code-under-test. Finally,
re-implement the code using the hazardous descriptions to create
mutants. Exploring these techniques required a modular framework
for prototyping and comparing mutant-generation techniques.

3.2 Existing Mutant Generation Modules

By creating multiplex modules to support HAZOP- and STPA-
guided mutant generation (i.e., m-HAZOP and m-STPA, respectively),
we enable direct comparison between the techniques using only a
single tool version. To further compare these techniques with the
existing ones, LLMORPHEUs and MUTAHUNTER, we implemented
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them as m-LLMORPHEUS and m-MUTAHUNTER, respectively, to pro-
duce comparable outputs and focus on how the techniques com-
pare rather than the platforms in which they are implemented.
LLMoRPHEUS, for example, although using language-agnostic LLM
prompts, is integrated into the JavaScript mutation tool STRYKER]JS
and therefore required integration into a Java execution system for
inclusion in this study. multiplex also includes a further LLM-based
“unguided” baseline module, called m-UNGUIDED, that simply asks
the LLM to generate mutants with no additional guidance (e.g.,
hazard analysis like m-HAZOP and m-STPA, or size and location like
m-LLMORPHEUS and m-MUTAHUNTER). Each module is included in
the multiplex repository for researchers to use [11].

3.3 Evidence of Utility

This section overviews experiments performed using multiplex to
generate and evaluate mutants for both Java and Python projects.

3.3.1 Hazard-Guided Java Mutants in DEFECTs4). This section sum-
marizes an empirical comparison conducted with multiplex across
five LLM-based techniques and MAJOR, a rule-based tool, over
279 DEFECTS4] bugs [12]. The comparison introduced two hazard
analysis-guided techniques, m-HAzOP and m-STPA, as mutant gen-
eration approaches. Results showed that these approaches—when
evaluated against m-UNGUIDED, m-LLMORPHEUS, mM-MUTAHUNTER
and Major—generated large, unique method-level mutants, and
complement existing techniques in both subsumption and mutant
behavior using both cloud (GPT-4.1) and local (gpt-0ss:20B) LLMs.
Below is the println method in DEFECTS4] bug Csv version 5.
To show the diversity in LLM-based approaches, the following
paragraph describes the mutants created by each approach.

l1public void println() throws IOException {

2 final String recordSeparator = format.
getRecordSeparator ();

3 if (recordSeparator != null) {

4 out.append(recordSeparator);

5 %

6 newRecord = true;

7}

m-sTPA creates control flow-based mutants, and therefore, one of
its mutants does not provide the null check, resulting in the mutant
deleting Lines 3 and 5 . m-HAzoP uses the More guide word to add a
for loop around Line 4 to repeat it three times. m-UNGUIDED deletes
the entire method body and replaces it with “newRecord = false;”.
m-LLMORPHEUS restricts mutation to specified nodes and changes
the condition on Line 3 to “format != null” by changing the vari-
able that dictates the condition. Lastly, m-MUTAHUNTER mutates
Line 4 to “out.append(recordSeparator + "CORRUPTION");” to sim-
ulate a corrupted string. While targeting a simple method, each of
these techniques produces diverse mutants specific to its design.
This highlights the value of different LLM-based mutant generation
strategies and the need to compare them with a modular tool.

3.3.2 Hazard-Guided Python Mutants in the PYSNOOPER project.
This section summarizes an end-to-end execution of multiplex on
10 functions from the PYSNoopER Python project using gpt-o0ss:20B
and the m-HAZOP, m-sTPA and m-UNGUIDED approaches [13]. This
resulted in 434 mutants with mutation scores of 0.72, 0.53 and 0.80,
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from each aforementioned approach respectively, across the 215
competent mutants (i.e., those that did not cause errors). Similar to
those obtained in the prior Java study, these results demonstrate
how multiplex enables multi-language studies of such approaches.

4 maultiplex Design and Implementation

multiplex serves as a modular LLM-based mutation testing frame-
work to enable rapid prototyping and empirical comparisons of
LLM-based mutant generation approaches. Unlike existing tools,
multiplex provides the utility of interchangeable modules for method
extraction, MG approach, LLM interfacing and mutant execution
and evaluation. This design supports custom study configurations
and baseline controls through specifying the mutation testing ap-
proach and setup in the input configuration file.

4.1 Inputs and Configuration

Built with Python, multiplex uses the uv project manager, enabling
researchers to execute the tool using the following CLI command:

> uv run multiplex ./path/to/config.yml

To support reproducibility, multiplex takes a single yaml configura-
tion file as input to define the mutation testing setup. This ensures
that researchers can share their setup by specifying the project
under test, mutant generation approach, LLM and system prompts.

4.1.1  Project under test. The first section of the yaml configuration
file details the project language and the locations of the file and
method under test. It also specifies the test “runtool” which, in the
following configuration example using Java and DEFECTS4], is d4].

project:
language: "java"
projectroot: "./project/csv_4_fixed"
filename: "./path/to/CSVParser.java"
method: "getHeaderMap"
line: "287"
runtool: "d4j"

multiplex can also mutate Python projects by changing the 1anguage
and runtool configurations to python and pytest, respectively.

4.1.2  Mutant Generation (MG) Approach. This section specifies
the MG module the user wishes to use to generate mutants.

mutation:

approach: "basic"

In this example, basic refers to the m-uNGUIDED module described
in Section 3.2. Instructions for extending multiplex are provided in
Section 4.6, with additional information in the tool’s repository [11].

4.1.3 Large Language Model (LLM). multiplex can use both local
and cloud-based LLMs. The configuration file requires the model
name, endpoint and the name of the environment variable used to
store the LLM API token for cloud LLMs.

11lm:
model: "ollama/gpt-oss: 20b"
endpoint: "http: //127.0.0.1: 11434"

token_env_var: "null"
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By requiring the environment variable containing the API key
rather than the token itself, multiplex prevents accidental credential
exposure and enables researchers to confidently share configura-
tions for reproducibility. In this example, the user sets the token
variable to null because it configures a locally deployed LLM.

4.1.4  System Prompts. Finally, the configuration file contains the
system prompts for the mutant generation modules, enabling them
to have multiple steps and prompts that are uniquely identifiable.

system_prompts:
basic_generate_mutants: |

When given a method, you are required to re-

implement it to introduce an **incorrect
behavior or defectxx.

The aforementioned example presents an excerpt of the system
prompt for the m-UNGUIDED approach module. The user prompts
are constructed within the MG modules themselves, enabling each
approach to customize them for a given input. Users can find work-
ing examples with full configuration files for both Python and Java
in the examples/ directory in the tool repository [11].

4.2 Method Extraction

multiplex is written in Python and currently targets mutation
testing for Java and Python programs. To extract the method- or
function-under-test, the user must specify its location in the config-
uration, as shown in the example in Section 4.1.1. multiplex utilizes
the TREESITTER parser to iterate through the file’s concrete syntax
tree (CST), searching for the method/constructor/function node
matching the name and line number given in the configuration [1].
The TREESITTER system provides parsers for multiple languages,
enabling users to set up method extraction modules for their chosen
language, as described in Section 4.6.1. After extracting the method,
multiplex saves it to the original_method file for mutation.

4.3 Mutant Generation Approach

While the MG approaches are customizable, we provide some exam-
ples with the multiplex tool to help users get started. Each approach
module includes a controller.py file that accepts the LLM model,
the output directory and the prompts from the configuration as
inputs. This design flexibly supports multi-step approaches, such
as m-HAzoP and m-sTPA. As described in Section 3, these modules
first prompt the LLM to represent the code via natural language
(m-uAZOP) or control-flow diagrams (m-sTpa), then perturb these
representations to generate source code mutants. To optimize per-
formance, multiplex then uses the TREESITTER parser to pre-screen
mutants for syntax errors. At this stage, multiplex records whether
the mutant should be compilable in the mutant_summary.csv file,
thereby avoiding redundant compilation attempts. These multi-
step approaches place all source-code mutants and intermediate
outputs in the output directory for execution and evaluation.

4.4 Mutant Execution and Evaluation

Mutant execution and evaluation come as a pair, as the module
must be able to parse passing and failing tests from the execution

Megan Maton, Gregory M. Kapfhammer, and Phil McMinn

output
. stpa-mutants
tmutant_@ .Jjava
mutant_summary.csv
| stpa-test
L mutant_0_test.txt

| control_diagram.txt

| original_method.java

ucas.csv

Figure 2: Output directory file structure example for m-sTpa.

tool output. To support users in running and evaluating Java and
Python mutants in empirical studies, multiplex comes with a test
runner for MAVEN, DEFECTS4] framework and PYTEsT. The module
uses the project’s working directory and executes the tests specified
by the provided test execution command. multiplex then parses the
test outputs to determine whether the mutant is first compilable,
whether it is surviving or killed, and if so, which tests kill it. Finally,
multiplex adds the test outcomes for each mutant to the output
directory and updates mutant_summary.csv to reflect them.

4.5 Tool Outputs

The design of multiplex prioritizes transparency by logging every
stage of the MG process. Figure 2 shows an example output direc-
tory file structure from an m-sTpA MG approach execution on a
Java method, with other included approaches following a similar
structure. The original_method. java file contains the source code
for the method under test for the approaches to use. For m-sTpa,
the control_diagram. txt file contains the LLM-generated control
flow diagram, and the ucas. csv contains the “unsafe control actions”
(UCAs) perturbed from it. Archiving these intermediate steps is
essential for interpreting the sequential, non-deterministic outputs
of LLMs. The *-mutants/ dir then contains each mutated version
of original_method. java, which under m-sTpa implements a UCA.
After executing the tests, the x-test/ dir contains the test outcomes,
including the reasons for build failures (if there is a compilation is-
sue) and which tests fail when executed on the mutant and therefore
kill it. These comprehensive output directories assist both manual
analysis and systematic fine-tuning of mutation modules.

4.5.1 Outputting a Marv-Compatible Summary. MARV is a mutant
visualization tool that enables users to view mutant source code
diffs and review them [17]. multiplex provides a --marv flag option
that enables users to output the mutant data to a MARv-compatible
JSON file. Full instructions for setting up and using Marv with
multiplex can be found in the multiplex repository [11].

4.6 Adding multiplex Languages and Modules

multiplex is modular by design; therefore, we encourage users to add
languages and modules to facilitate their research. Full details for
extending multiplex can be found in the tool’s documentation [11].

4.6.1 Adding a Language. To add compatibility with a program-
ming language to multiplex, users must create a language speci-
fication in the _REGISTRY list in multiplex/languages/__init__.py.
The language must have a TreeSitter parsing library as this is used
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approach
L stpa
__init__.py
controller.py
control_diagram.py
uca_generator.py
code_generator. py
Figure 3: Mutant generation approach directory file structure
example for m-sTpa.

for code extraction and mutant insertion [1]. The user must spec-
ify information such as the language file extension, the TreeSitter
language library, nodes to be mutated as well as some approach-
specific strings to be inserted into the prompts sent to the LLM.

4.6.2 Adding a LLM Module. multiplex uses LiteLLM to interface
with LLM models (both cloud- and locally-hosted), enabling most
LLMs to be configured via a configuration file. However, when
some providers require additional information, users can update
the multiplex/model.py file to support specific endpoints.

4.6.3 Adding a Mutant Generation (MG) Module. To extend mul-
tiplex, a user must add an MG package to the multiplex/approach
directory containing a controller.py file that directs their approach,
as shown in the example for m-sTpA in Figure 3. For instance,
m-STPA uses a three-step process in which it prompts the LLM
at each step: firstly, to create a control flow diagram; secondly, to
derive “unsafe control actions” (UCAs) from the diagram; and fi-
nally, to implement these UCAs as mutants. In Figure 3, each of
these steps has its own class and is called by the controller. As
shown in Figure 2, each output is saved to the output/ directory.

4.6.4 Adding an Execution and Evaluation Module. Users can add a
mutant execution and evaluation class to multiplex/execute/ that
inserts the mutant into the source code file, runs the project’s tests
with the appropriate build and execution tools, and parses the
results to identify which mutants are killed by which tests.

5 Conclusions and Future Work

This paper introduces multiplex, a modular LLM-based mutation
framework to assist researchers in prototyping and empirically
comparing LLM-based mutant generation approaches. multiplex’s
modular nature ensures that it can be adapted and extended to
facilitate multi-language and approach comparisons, such as the
Java and Python examples in Section 3.3. As well as overviewing
multiplex’s design and implementation, this paper describes how
users can extend and use the tool for their research. We envision
multiplex as a workbench for LLM-based mutation and, therefore,
future work should continue to assist users in prototyping and
comparing LLM-based MG approaches. A core component of this
will be a plugin and template system that enables researchers to
create modules without forking the multiplex repository. As such,
the configuration options will enable users to create their own mod-
ules independently. Subsequently, we will create an open-source
record of MG modules, as well as configuration options for the code
structures under test, as working at the method or function level
may not be appropriate for all paradigms. Leveraging multiplex and
a completed version of the proposed future work, researchers can
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refine and evaluate LLM-based mutant generation approaches and
readily share their experimental setup and results.
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