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ABSTRACT

Search-Based Software Engineering (SBSE) tools offer automatic sup-
port by applying search-based techniques to solve different opti-
mization problems of various software engineering areas. However,
configuring SBSE tools often requires expertise in optimization
techniques, posing a significant barrier for non-specialist users.
This task involves selecting suitable algorithms, tuning parameters,
choosing appropriate objective functions and search operators, and
making decisions that affect optimization quality and performance.
To address this challenge, we propose a multiple-LLM approach that
integrates Large Language Models (LLMs), specifically ChatGPT-4,
into SBSE workflows to provide context-aware and natural language
suggestions for parameter configuration. The approach follows a
Divide and Conquer strategy, in which specialized LLMs are trained
for distinct parameter configuration subproblems. As a proof of con-
cept, we implemented OPLA-Wizard that works with OPLA-Tool
v2.0, for Product Line Architecture (PLA) design. This assistant sup-
ports users in configuring algorithm settings, search operators, and
objective functions through a user-friendly interface. Preliminary
results show that the multiple-LLM approach improves accuracy,
explanation clarity, and output format adherence compared to a
single-LLM approach. This work contributes to the democratization
of SBSE by reducing cognitive load, preventing misconfigurations,
and making advanced optimization techniques more accessible to
a broader audience.
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1 Introduction

Search-Based Software Engineering (SBSE) is the field of software
engineering research and practice that applies search-based tech-
niques to solve various optimization problems across different soft-
ware engineering areas [10]. These problems typically involve com-
peting constraints, ambiguous and imprecise information, and gen-
erally do not have exact and analytical solutions.

To support the practical application of SBSE, several special-
ized tools have been developed. Notable examples include EvoSuite,
which automatically generates test data to enhance the effectiveness
of software testing [6]; OPLA-Tool, which helps optimize the Prod-
uct Line Architecture (PLA) design to achieve better architectural
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trade-offs [9]; and OptiJIT, a tool that improves software execution
performance by optimizing just-in-time compilation strategies [11].

The use of SBSE tools enables software engineers to automati-
cally obtain solutions for complex and labor-intensive tasks, thereby
reducing the efforts and costs associated with software development.
However, software engineers do not always have sufficient knowl-
edge in the optimization field and may face some challenges using
SBSE tools. One of the main challenges is effectively configuring the
parameters required by the tools. The parameter range is generally
broad, and misconfigured parameters can severely impact solution
quality or computational cost, directly affecting the convergence
behavior and performance of the optimization algorithm [3].

In practice, users are often required to make multiple configu-
ration decisions, such as choosing the appropriate objective func-
tions, the most suitable algorithm, and search operators, which
may vary significantly depending on the problem’s characteris-
tics and optimization goals. This variety increases the cognitive
load on non-specialist users and can hinder the practical applica-
tion of SBSE tools. Defining appropriate parameter values typically
requires running multiple experiments to evaluate different con-
figurations empirically. This process is often time-consuming and
computationally expensive, even when configuration tools are used.
The problem of configuring parameters for SBSE tools is very com-
plex. This makes using SBSE tools unfeasible for many real-world
scenarios, particularly in industrial environments.

Recent advancements in computational intelligence, particularly
in Machine Learning (ML), have opened new possibilities for ad-
dressing such complexities. Among these, Large Language Models
(LLMs) have emerged as powerful tools capable of processing, in-
terpreting, and generating human-like insights from complex and
unstructured data [17]. Their ability to produce context-sensitive,
natural language outputs makes them especially well-suited to as-
sist in decision-making tasks, including those inherent in dynamic
and domain-rich SBSE scenarios, where traditional techniques may
face limitations [15].

In the context of search-based PLA design, Freire et al. [8] pro-
posed an approach that utilizes an LLM model trained to suggest ob-
jective functions, through the AlssistDM plugin [7]. The approach
presented promising results, assisting non-specialist users in con-
figuring this parameter in OPLA-Tool. Nevertheless, we conducted
preliminary tests using the AlssistDM plugin to address the con-
figuration problem, considering all the parameters of OPLA-Tool,
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and the obtained model resulted in inconsistent and inaccurate
suggestions. For example, AlssistDM occasionally recommended
using inadequate mutation operators, leading to suboptimal results.
These limitations were attributed to the cognitive overload imposed
when using a single LLM model for a complex task, such as the
parameter configuration of SBSE tools.

To deal with this limitation, this paper proposes a multiple-LLM
approach, based on the Divide and Conquer strategy. The idea is to
divide the complex problem of configuring SBSE tools into simpler
subproblems and train LLM models separately to improve the qual-
ity of the obtained general solution. In this context, each subproblem
corresponds to a specific category of parameters commonly found
in SBSE tools, such as: (i) algorithm-specific settings (e.g., popula-
tion size and number of fitness evaluations), (ii) objective functions,
and (iii) search operators (e.g., mutation and crossover rates). A
distinct LLM model is trained for each category using targeted
training material relevant to that parameter group. This enables
each model to more accurately capture parameter-specific nuances
and produce more precise, context-aware suggestions. By integrat-
ing this specialized approach into the SBSE workflow, we aim to
effectively bridge the expertise gap frequently encountered by non-
specialist users, who are unfamiliar with optimization strategies
and domain-specific trade-offs.

As a proof of concept, we evaluated the proposed approach in
the domain of PLA design by implementing OPLA-Wizard. This
LLM-based assistant supports parameter configuration in OPLA-
Tool v2.0, and was implemented on top of AlssistDM [7], which en-
ables the exchange of messages between OPLA-Tool and ChatGPT-4.
OPLA-Wizard guides users in configuring parameters by offering
an interface embedded in the PLA design environment.

Initial results show that our multiple-LLM approach outper-
forms the single-LLM approach adopted by AlssistDM and used as
a baseline. The specialized models achieved high accuracy when
answering parameter-related questions; two of the models, to sug-
gest basic algorithm settings and objective functions, reached 100%
accuracy, while the models to suggest crossover and mutation op-
erators achieved an accuracy of 96.6% and 93.2%, respectively. We
also observed that the wizard consistently produced answers in the
correct output format required by the SBSE tool and provided clear
justifications for the recommended parameters.

These findings indicate that the wizard using a multiple-LLM
approach not only helps users obtain more accurate suggestions
but also delivers explanations that make configuration parameters
easier to understand, especially for non-specialist users. By embed-
ding LLM guidance directly into the SBSE workflow and tailoring
parameter configurations, the multiple-LLM approach represents
a step forward in making SBSE tools more accessible, usable, and
adaptable. Ultimately, this approach contributes to the democra-
tization of SBSE by reducing the cognitive overhead of complex
configuration processes and by enabling broader adoption among
practitioners and researchers.

This paper is organized as follows: Section 2 addresses stud-
ies that adopt LLMs to ease SBSE tasks. Section 3 presents our
approach to configure the parameters of SBSE tools using multi-
ple LLMs. Section 4 describes implementation aspects. Section 5
presents preliminary results. Finally, Section 6 concludes the paper
and outlines future work.
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2 Related work

Research has recently begun to explore how LLMs can support
software engineering tasks traditionally addressed by SBSE, par-
ticularly those involving decision-making and heuristic search. In
SBSE, LLMs can be utilized to interpret complex software engineer-
ing tasks, automate the generation of coding artifacts, or even assist
in developing and maintaining software by providing real-time sug-
gestions and solutions. Their ability to process and synthesize large
amounts of unstructured text data can enhance decision-making
processes, bridging the gap between vast data handling and action-
able software development insights [1].

Orcaloca [14] enhances fault localization by combining LLM-
based reasoning with task priorization, decomposition, and seman-
tic context pruning. SWE-Search [2] integrates LLMs with Monte
Carlo Three Search in a multi-agent system to iteratively refine
solutions for tasks such as bug fixing. AutoCodeRove [18] combines
LLMs with abstract syntax tree (AST) analysis and fault localization
to enable cost-efficient automatic code repair.

While these approaches demonstrate the potential of LLMs to
assist in reasoning and decision-making, they do not address a key
challenge in SBSE: helping users configure parameters (e.g., objec-
tive functions and search operators). This gap becomes particularly
relevant in more open-ended SBSE applications like PLA design,
where configuration decisions are highly context-dependent and
require user input.

Some SBSE tools, such as EvoSuite [6], embed default parameter
settings based on prior empirical studies, relieving users from man-
ual configuration. However, in tools like OPLA-Tool v2.0, the user
must explicitly perform parameter configuration, and no univer-
sally optimal configuration applies to all scenarios. This increases
the barrier to adoption, especially for non-specialist users.

The studies conducted by Freire et al. [7, 8] are initiatives to
attack this problem. The plugin AlssistDM integrates LLMs, specif-
ically ChatGPT-4, into an SBSE workflow to support non-specialist
users [7]. AlssistDM works with OPLA-Tool and focuses on as-
sisting users in configuring problem-domain parameters, such as
objective functions and search operators, through natural language
recommendations. While AlssistDM shares our motivation of en-
hancing SBSE usability for non-expert users through LLMs, our
work adopts an innovative approach based on multiple LLMs. The
configuration problem is partitioned into sub-problems, and multi-
ple LLM models are obtained by training on a narrower group of
related parameters. This results in more accurate, consistent, and
context-aware suggestions. This specialization improves the quality
of suggestions and facilitates more precise explanations and future
expansion of the approach to support additional SBSE domains and
tools. In addition, existing studies that employ multiple LLMs are
not suitable for the problem tackled in our work [5, 12].

Existing studies that employ multiple LLMs, such as those de-
scribed in [6, 13], typically address scenarios involving general
multi-objective optimization or code generation tasks, which differ
significantly from the parameter configuration challenges in SBSE
contexts, where parameter groups have explicit dependencies and
require highly domain-specific expertise. Therefore, their methods
are not directly applicable or effective in our scenario.
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3 Proposed approach

Our multiple-LLM approach for configuring SBSE tools parameters
is based on the Divide and Conquer strategy, as illustrated in Figure
1. The complex problem to be attacked is partitioned into simpler
sub-problems. For each sub-problem, an LLM model is trained with
specialized data, which contributes to increasing performance.

The first question that can arise is how to divide our problem.
For this end, we resort to the main ingredients required for an SBSE
solution proposed by Harman et al [10]: the representation for the
problem and search operators to be manipulated by the search
algorithm, and a function to evaluate the quality of the solutions.
Moreover, we can use the parameter categories mentioned in the
work of Arcuri and Fraser [3].

SBSE tools often deal with a broad spectrum of parameters, rang-
ing from straightforward algorithmic settings to complex problem-
domain configurations that significantly influence the outcomes of
software engineering tasks. For instance, algorithm-specific param-
eters of evolutionary algorithms include population size, number
of generations, mutation rate, and crossover probability, which di-
rectly affect the behavior and performance of the search process.
On the other hand, domain-specific parameters involve objective
functions, which articulate the evaluation criteria used to assess
and rank candidate solutions.

To illustrate this decomposition, consider a typical SBSE sce-
nario, such as search-based PLA design using OPLA-Tool [9]. In
this context, the configuration process is partitioned into configur-
ing different sets of related parameters. For instance, the user must
configure (i) basic algorithm settings: select an optimization algo-
rithm, define its basic settings (e.g., population size, number of runs,
number of generations or evaluations, and so on), (ii) search opera-
tors: choose appropriate mutation and crossover operators from a
predefined set tailored to PLA evolution, and (iii) specify a subset of
objective functions (e.g., minimize coupling, maximize cohesion, im-
prove feature modularization). Each of these decisions impacts the
optimization behavior in different contexts and requires different
types of knowledge.

According to the proposed approach, we assign each subprob-
lem to a specialized LLM model. The model trained for algorithm
settings focuses only on understanding and suggesting configura-
tions, such as algorithm choice and run parameters. Another model
specializes in choosing mutation and crossover operators, while
a third model suggests objective functions. This division allows
each LLM to focus on a narrower context, improving suggestion
accuracy, reducing ambiguity, and making the overall system more
interpretable and maintainable.

The multiple-LLM approach aims to bridge the knowledge gap
frequently encountered by non-specialist users when configuring
complex optimization parameters. The idea of the approach is to rely
on natural language interaction to provide human-like suggestions,
instead of requiring manual interpretation of technical settings.
These suggestions are generated dynamically, based on contextual
information extracted from the user about the software engineering
problem, thereby supporting decision-making with minimal prior
knowledge of optimization or SBSE techniques. We present the
implementation aspects of our approach in the next section.
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4 Implementation aspects

This section describes OPLA-Wizard, an assistant that implements
our multiple-LLM approach for automating the suggestion of param-
eter configurations for OPLA-Tool-v2.0. The PLA design domain is
inherently complex and has a multi-objective nature, which requires
balancing competing quality attributes, such as coupling, cohesion,
and feature modularization, within a vast design space composed of
interdependent architectural elements [16]; hence, PLA optimiza-
tion involves context-specific decisions that vary across designs.
OPLA-Tool utilizes various evolutionary algorithms that require
configuration. The user must configure a subset of 20 custom objec-
tive functions. There are also three crossover operators and seven
mutation operators specific to the PLA design domain that the user
must configure before running the optimization algorithm.

Thus, PLA design provides a compelling environment for assess-
ing the wizard’s aptitude in generating intelligent, context-sensitive
suggestions and facilitating decision-making in the SBSE context.

OPLA-Wizard was implemented on top of AlssistDM, as illus-
trated in Figure 2. Four LLM models are generated. The OPLA-
Settings model assists users in configuring core optimization pa-
rameters, such as the algorithm type, number of fitness evaluations,
population size, and number of runs. The OPLA-ObjFN model
suggests appropriate objective functions based on the user’s input.
Finally, the OPLA-Mutation and OPLA-Crossover models rec-
ommend suitable mutation and crossover operators, respectively,
tailored to the characteristics of the PLA design task.

AlssistDM plugin [7] allows the exchange of messages between
OPLA-Tool v2.0 and ChatGPT-4. When someone asks for a sugges-
tion of parameters in the wizard, the question is sent to ChatGPT-4
through the plugin. When ChatGPT-4 gives back the suggestion, the
AlssistDM plugin collects the answer and returns to OPLA-Wizard.

Although LLMs typically produce human-readable text, this out-
put is not ideal for integration with software tools, as it is ambiguous
and complex to parse automatically. Structured formats, such as
JSON, are preferred for reliable integration and programmatic inter-
pretation. Therefore, we defined a standardized JSON structure for
the responses, enabling programmatic interpretation and seamless
integration with OPLA-Tool.

Figure 3 presents an example of the answer of each model. Every
prompt created for the respective model contains an instruction
specifying the output, as shown in Answer in the JSON-Format
"values": [...], suggestion: "..", where values contain the
objective functions suggested, and suggestion explains why they
were selected.

The main functionalities of OPLA-Wizard include the automated
suggestion of parameter configurations for OPLA-Tool v2.0 and
interactive visualization of these suggestions. The core feature con-
sists of generating suggestions for parameters such as objective
functions, search algorithms, and operators. ChatGPT-4 was trained
using a dataset comprising the available parameters and usage ex-
amples, enabling it to provide accurate and context-aware sugges-
tions. Additionally, users can interact with the wizard through a
graphical interface embedded in OPLA-Tool, which displays the
suggested configurations and their justifications. This interface
enhances user understanding of the trade-offs involved in each
configuration decision and supports informed parameter selection.
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Figure 1: Multiple-LLM approach

These mechanisms collectively reduce cognitive load, mitigate
configuration errors, and streamline decision-making. Unlike tra-
ditional tools that rely on rigid menus or form-based inputs, the
approach enhances usability through conversational guidance, im-
proving accessibility and transparency for users of intricate SBSE
tasks. Next, we present a usage example of OPLA-Wizard.

4.1 Wizard’s usage

OPLA-Wizard offers a Graphical User Interface (GUI) for enhanc-
ing the configuration of parameters in OPLA-Tool v2.0, utilizing
Al-driven capabilities. This subsection provides a detailed usage
example, demonstrating how users can leverage OPLA-Tool using
SBSE techniques augmented by LLMs.

Figure 4 presents an excerpt of OPLA-Tool v2.0. Due to space
limitations, some settings, such as the number of runs, were omit-
ted. Nevertheless, as can be seen, many configurations can be made.
The first card in the figure contains the main settings, e.g., Opti-
mization Algorithm and Population Size. The second one includes
the objective functions available for use. The third and fourth cards
contain the search operators for crossover and mutation operations.
This is only an excerpt, but OPLA-Tool front-end can be found in
the official repository.

To request a new suggestion from OPLA-Wizard, the user clicks
the "Get a suggestion" button. The process begins with the input of
an XML file containing the PLA design, which serves as the starting
point for the wizard. This XML encodes the PLA model using UML
(Unified Modeling Language), and its content is analyzed by the
wizard to extract relevant architectural information, including the
number of classes and interfaces, relationships among components,
the number of attributes, and methods. These extracted elements
compose a contextual prompt sent to ChatGPT-4. Additionally, the
user is prompted to describe their goals through a dialog interface,
as illustrated in Figure 5. This user input is also included in the
final prompt, ensuring that the parameter suggestions returned by
ChatGPT-4 are both architecture-aware and goal-oriented.

ChatGPT-4 receives the prompt and gives an answer based on
its training. Since the wizard is composed of four independent LLM
models, each responsible for a specific group of parameters, the
prompt is dispatched simultaneously to all models. Each model
generates a suggestion tailored to its respective parameter group
(e.g., objective functions or search settings). OPLA-Wizard then
collects the responses, aggregates them into a unified suggestion,
and displays the combined result to the user in a single dialog.
Additionally, in this case, the answer from one model does not
affect the answers from the other models.

Figure 2: OPLA-Wizard Architecture

Figure 3: JSON example

Finally, the suggested parameters are displayed in a dialog to the
user as an example, as shown in Figure 6. The first part presents
the suggested objective function, which was obtained through the
OPLA-ObjFN model. The second one contains settings from the
OPLA-Settings model, such as optimization algorithm, runs, and
individuals. Finally, the third and fourth parts show the crossover
operators suggested by the OPLA-Crossover model and the muta-
tion operators offered by the OPLA-Mutation model, respectively.

In addition to simply suggesting values, the wizard provides
justifications for each suggestion, helping the user understand the
rationale behind the configuration. This explanation is crucial for
enhancing transparency and facilitating informed decision-making.
Moreover, the wizard assists in configuring other parameters, such
as mutation and crossover probabilities, which directly influence the
application of the respective operators during the search process.

When the user clicks on the "That’s it" button (Figure 6), the
parameters are selected on OPLA-Tool for optimization. On the
other hand, the button "Get new suggestion" allows the user to
return to the previous step and send a new prompt to ChatGPT-4.

Currently, the proposed architecture operates independently for
each parameter group, without explicitly sharing context across
models. A mechanism to propagate contextual choices between
models could be explored in future work, ensuring that param-
eter dependencies are adequately considered to avoid potential
suboptimal or conflicting recommendations.

It is worth mentioning that since the underlying LLM (ChatGPT-4)
is not deterministic by nature, identical user inputs might lead to
slight variations in suggestions.

4.2 Training ChatGPT-4

The full potential of the multiple-LLM approach lies in the data
that the optimization tool user supplies to ChatGPT-4. In this sense,
it is necessary to tailor the underlying LLM to better understand
and respond to the specific needs of software engineering tasks.
Training ChatGPT-4 involves fine-tuning it with datasets relevant
to its functions, including diverse software engineering problems
and optimization scenarios. For each model encompassed in the
approach, the training process typically involves the steps:

(1) Data Collection: Gathering a comprehensive dataset that
includes various software engineering texts, such as code
snippets, documentation, and problem descriptions.

(2) Preprocessing: Cleaning and preparing the data to ensure it is
suitable for training, which may involve removing irrelevant
information, correcting errors, and formatting.

(3) Model Training: Feeding the prepared dataset to ChatGPT-4
allows it to learn from the specific patterns, terminology,
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and contexts used in software engineering. Each LLM model their performance in previous experiments with various con-
has an independent training file. For our study, we trained figurations. In addition, the dataset includes distinct PLA
ChatGPT-4 with all the information available about each projects; however, the evaluation in this preliminary study
set of parameters, compiled into a PDF (Portable Document was based on prompts derived from the training data. Future
Format) format. These training files, including the exact PDF evaluations should utilize entirely independent datasets.
documents and the prompts used during evaluation, are avail- (4) Evaluation: Testing the trained model on new, unseen data
able and can be accessed through the repository provided to assess its understanding and ability to generate accurate
n [13]. The information in these files includes definitions of and relevant responses.

mutation operators, crossover operators, objective functions, (5) Iteration: Based on performance, additional adjustments and

and basic settings of evolutionary algorithms, along with refinements may be made to improve the model’s accuracy
and responsiveness.
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5 Preliminary results

This section describes the preliminary evaluation of the proposed
approach using OPLA-Wizard. The main goal is to evaluate the
performance of the multiple-LLM approach in comparison with a
single-LLM approach implemented by AlssistDM. For this end we
adopt the following Research Question (RQ): How does the multiple-
LLM approach compare to the single-LLM approach?

For the multiple-LLM approach, four distinct ChatGPT-4 models
were trained: OPLA-Settings, OPLA-ObjFN, OPLA-Mutation, and
OPLA-Crossover . Each one specializes in recommending a specific
group of parameters for OPLA-Tool: search settings, objective func-
tions, mutation operators, and crossover operators, respectively. For
the single LLM approach, only a single general-purpose ChatGPT-
4 model was trained on all parameter groups to recommend the
whole set of parameter configurations for OPLA-Tool.

First, we assessed the accuracy of the parameter suggestions.
In this study, we define accuracy as the proportion of correct
responses provided by the OPLA-Wizard models to the total num-
ber of questions submitted during evaluation. For each model, we
submitted a set of predefined prompts and compared the model’s
responses with the expected answers based on the training ma-
terial. Expected answers were derived from expert annotations
based on prior experimental validation provided in the training
documents. A response was considered correct if the suggested
parameters were appropriate for the prompt and aligned with the
training data. Otherwise, it was marked as incorrect. Achieving
100% accuracy indicates no deviations or errors in the parameter
suggestions provided by the models. All evaluations were carried
out by the researchers involved in this study.

For the multiple-LLM approach, we tested each specialized model
with 10 prompts: 8 base file questions and 2 optimization questions.
A base file question refers to factual knowledge explicitly in the
training documents. For example: “What crossover operators improve
feature modularization?” An optimization question requires con-
textual inference based on a scenario or PLA design. For example:
“Given a PLA focused on minimizing class coupling and improving
feature cohesion, which search algorithm should I use?”

Two LLM models, OPLA-Settings and OPLA-ObjFN, achieved an
accuracy of 100% across the tested questions. The OPLA-Crossover
model achieved an accuracy of 96,6%, while the OPLA-Mutation
model maintained a consistent accuracy of 93,2%. These results
were obtained after iterative refinements in the training data.

Moreover, we examined three aspects of each answer: (i) whether
the output adhered to the required JSON structure, (ii) whether the
explanation accompanying the suggestion was coherent and aligned
with the prompt, and (iii) the clarity of the justification provided
for each parameter. This evaluation also involved manual review
by the researchers, who followed a checklist to ensure consistency
across models. The checklist used in the review is available in [13].

We observed that all specialized models returned outputs in the
correct JSON format, as required by the tool’s integration layer.
The explanations provided were generally aligned with the training
context and offered clear reasoning for each suggestion, especially
in the models focused on search settings and objective functions.

For the single-LLM approach, the model was tested with 23
prompts: 19 base file questions and four optimization questions.
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This model achieved 91,78% accuracy. We also observed frequent in-
consistencies, including suggestions to configure some parameters
with invalid values. For instance, in one scenario, the single-LLM
model suggested a non-existent mutation operator in OPLA-Tool,
leading to an invalid configuration. These problems persisted across
replications of questions on basic algorithm settings.

Answer to our RQ: The multiple-LLM approach outper-
formed the single LLM approach. The preliminary results
demonstrated improvements in the accuracy and coherence of
responses when using the multiple-LLM approach. Unlike the
general-purpose model, which frequently suggested invalid pa-
rameter values, the specialized models consistently produced
more precise and contextually aligned suggestions. These find-
ings strongly support the effectiveness of the multiple-LLM
approach, particularly in the complex context of parameter
configuration within SBSE tools.

6 Concluding remarks

This work introduced a multiple-LLM approach to simplify SBSE
tool parameter configuration for non-specialists. The approach is
based on the Divide and Conquer strategy. The idea is to divide the
complex problem of configuring SBSE tools into simpler subprob-
lems and train LLM models separately to improve the quality of
the obtained solution.

We presented OPLA-Wizard, implemented over AlssistDM, divid-
ing parameter configuration into four specialized models: objective
functions, algorithmic settings, crossover, and mutation operators.
Preliminary results confirm the multiple-LLM approach signifi-
cantly outperforms single-LLM, demonstrating the potential to
simplify decision-making, reduce cognitive load, and increase SBSE
tool accessibility.

In this work, we validated our approach using OPLA-Tool and
ChatGPT. Although the core idea could be expanded to other SBSE
tools and different software engineering tasks, adapting the multiple-
LLM approach to these contexts will require significant additional
domain-specific effort, such as defining new parameter taxonomies
and preparing curated training documentation. Other LLM mod-
els could be explored in future adaptations. Furthermore, it is not
strictly necessary to employ the same LLM for every sub-problem.

Therefore, several promising directions for future research emerge
from our study. Specifically, we plan to: (i) conduct a more rigorous
evaluation; (ii) assess the generalization to additional SBSE domains;
(iif) conduct user studies evaluating practical impacts; (iv) expand
evaluations with structured metrics (e.g., RAGAS framework [4]);
and (v) enhance model robustness with broader datasets.

ARTIFACT AVAILABILITY

The source code, documentation, and instructions for building,
installing, and usage can be obtained online [13].
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