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ABSTRACT
Context: Bug reporting is essential in software development to en-
sure product quality. Within testing teams, testers report multiple
bugs daily through manual reports describing test details. Problem:
Manual bug reporting is exhausting and time-consuming, leading to
potential errors and missing information. These issues can compro-
mise the product if developers cannot understand the bug’s cause.
Solution:We explore training Large Language Models (LLMs) to
automatically generate bug reports from brief user descriptions.
Methodology: We collected 1,800 bugs reported in 2024 to build a
dataset and fine-tuned the T5 model (Text-to-Text Transfer Trans-
former). Three fine-tuning iterations were performed and evaluated
using BLEU,METEOR, Precision, Recall, and F1-Scoremetrics. Sum-
mary of Results: The best-performing model, trained with two
low-complexity bug report types, achieved BLEU of 0.9845, ME-
TEOR of 0.9634, Precision of 0.9898, Recall of 0.9886, and F1-Score
of 0.9892. In testing, this model achieved 70% success rate with
responses matching user input without hallucinations. The results
indicate LLMs are viable for automatic bug report generation.

KEYWORDS
Bug Report, Large Language Models, Software Testing

1 Introduction
The defect reporting stage is a crucial part for software developers
to correct all the defects present during development, so that the
product does not reach the end user with issues [4]. The process
of reporting defects tends to be long and complex, which makes it
prone to human errors [11]. However, due to the evolution of Large
Language Models (LLMs) [10], it has been possible to optimize
several processes in the field of software engineering, including
steps from the verification and validation stage.

In a testing team of the software industry, several mobile device
projects are tested every day, many bugs are found, and all of
them need to be manually reported to the respective developers,
which consumes a lot of time and requires great attention to avoid
errors. Due to the need to include various types of information
(such as reproduction steps, problem details and testing context),
it is necessary to pay close attention to ensure that all details are
included concisely, so that developers can understand the problem
and find a solution efficiently [3].
∗Both authors contributed equally in this research.

In order to automate the process of bug reporting, we propose
the use of LLMs trained to automatically generate complete bug
reports based on prompts that contain a brief description of the
problem. To achieve this goal, we first built a dataset with 1800 bug
reports created in 2024 by the testing team of the software industry.
Through this study, we aim to show how it is possible to automate
the bug reporting process using LLMs, as well as to demonstrate,
in general terms, that LLMs can contribute to the execution of
Software Engineering tasks, in our context, bug reporting.

2 Methodology
The goal of this study is to automate the process of bug reporting
using LLMs. To achieve this goal, we followed the methodology
below:

(1) Dataset Preparation: We built a dataset composed of 1,800
examples of distinct bugs reported in 2024.

(2) Models and Architectures: We studied and evaluated dif-
ferent types of architectures for the language model we in-
tended to develop.

(3) First Fine-Tuning Round: We performed one fine-tuning
iteration using the chosen architecture and the constructed
dataset.

(4) Metrics: We researched the most suitable metrics for the
type of problem we are trying to solve.

(5) Second Fine-Tuning Round: We performed another fine-
tuning iteration using a more complex model, with updated
dataset and metrics, followed by a test carried out by a mem-
ber of the testing team.

(6) Third Fine-Tuning Round: We performed a final fine-
tuning iteration using models dedicated to specific groups
of bugs and new datasets tailored to each model, followed
by another test conducted by a tester.

In the following subsections, we provide details on how each
step of this methodology was carried out.

2.1 Dataset Preparation
2.1.1 Building the Dataset. We selected and grouped 1,800 exam-
ples of bug reports in order to build a complete dataset, this dataset
was then split into two parts, 1,500 bug reports for the training set
and 300 for the test set. All the bug reports were reviewed by a
senior software tester which ensured the quality and completeness
of our dataset.
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2.1.2 Processing the Data. The bug reporting standard specifies
that reports written by testers must contain 7 fields, which are:

• Title: A brief description of the bug, including tags that
indicate the scenario in which the bug was found.

• Problem: A detailed description of the bug and the scenario
in which it occurred.

• Preconditions: A list of conditions that must be met before
executing the steps to reproduce the bug.

• Steps to Reproduce: A list of steps to recreate the scenario
where the bug was found.

• Expected Result: What was expected to happen instead of
the failure.

• Additional Information: Details about the test scenario,
such as the type of device, the operating system version it
was running, the type of test being performed, etc.

• Binary File Information: Specifications of the binary files
uploaded to the test device for test execution.

Bug reports may contain private details about test devices or
tester context. This information requires pre-processing to remove
irrelevant content. The “Title” field’s identifying tags were stan-
dardized across the dataset. The Additional Information field’s test
environment details were removed. The remaining fields contain
only bug report information in a consistent pattern.

2.2 Models and Architectures
The decision regarding the model to be used as the basis for per-
forming the experiments in this study was made based on a review
of relevant architectures found in the literature. The architectures
we studied are described below:

• NextWord Prediction: An approach based on a framework
of encoding and decoding, integrated attention mechanisms,
and reinforcement learning techniques [9].

• Questions and Answers: An approach for obtaining an-
swers to questions by providing long contexts as input to
LLMs [1].

• Seq2Seq: An approach based on sequential processing ar-
chitectures, that is, models that take sequences as input and
produce sequences as output [8].

After studying and evaluating the feasibility of implementing
these architectures, as well as determining which one best suited
our work, we chose to proceed with the Seq2Seq architecture. For
this reason, the model selected as the foundation for this study was
the Text-to-Text Transfer Transformer, or T5, which treats all NLP
tasks as text-to-text tasks and is designed to handle various types
of sequence-based problems [7].

2.3 First Fine-Tuning Round
2.3.1 Fine-Tuning Strategy. Initially, we had only 6GB of GPU avail-
able for this work, so a configuration strategy was adopted to avoid
memory overflow during the process. In this first experiment we
used only the accuracy metric to evaluate the model’s performance
as it is commonly used in the training of neural network models.

2.3.2 Fine-Tuning Execution. The first fine-tuning used the “T5-
Small” model with 60 million parameters on 1,800 bugs divided
into 1,500 training and 300 test examples. We concluded accuracy
was not the most appropriate metric for evaluating text generation

model performance. Therefore, before conducting further experi-
ments, we researched more suitable metrics.

2.4 Metrics
After the first fine-tuning round, we focused on defining evalu-
ation metrics for the model. We decided to implement 3 metrics
considered more suitable for evaluating an LLM, presented below:

• BLEU: BLEU (Bilingual Evaluation Understudy) compares
model output with human references and calculates similar-
ity scores based on matches [6].

• ROUGE: ROUGE (Recall-Oriented Understudy) metrics mea-
sure model output effectiveness against expected input (F1-
Score), considering word retrieval (Recall) and relevance
(Precision) [5].

• METEOR: METEOR (Metric for Evaluation of Translation
with Explicit Ordering) is a graph-based metric measuring
translation effectiveness in NLP by evaluating grammatical
and syntactic structure [2].

2.5 Second Fine-Tuning Round
2.5.1 Fine-Tuning Strategy. Between the first and second model
fine-tuning rounds, we expanded our GPU capacity from 6GB to
40GB. This allowed us to adopt the more robust T5-Base model
with 220 million parameters. The dataset required new treatment to
remove unnecessary complexity elements and reduce its size for the
robust training configurations. Therefore, the following elements
were changed:

• Title Tags: During preprocessing, these tags were replaced
with "NA", which proved unnecessary.

• Steps to Reproduce: The first three reproduction steps
showed minimal variations, so we removed them from train-
ing.

• Additional Information: Though removed in initial pro-
cessing, blank fields remained, so we excluded them from
training.

To measure model performance realistically, a senior software
tester classified the model’s responses. Responses with hallucina-
tions or not matching input were marked “Failures”, while accurate
responses without hallucinations were marked “Successes”.

2.5.2 Fine-Tuning Execution. The second fine-tuning used “T5-
Base” model with 800 bugs (650 for training, 150 for testing). The
10 most common bug types were identified, and the senior tester
conducted 30 validations on these types to evaluatemodel responses
and identify issues.

2.6 Third Fine-Tuning Round
2.6.1 Fine-Tuning Strategy. For the final fine-tuning phase, we
adopted a strategy where models are trained with small groups
of distinct bug types. This approach tested whether model perfor-
mance was influenced by the amount of bug report information it
was learning. A new collection of bugs was categorized by type,
resulting in 3 datasets of 800 bugs each. Three iterations of the
T5-Base model were prepared for training with these datasets:

• Alpha Model: 6 types of device system bugs.
• Beta Model: 1 type of server bug.
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• Gamma Model: 2 types of device configuration bugs.

2.6.2 Fine-Tuning Execution. The third fine-tuning used 3 itera-
tions of “T5-Base” model with 800 bugs (650 for training, 150 for
testing). Since there are 3 models, a system was developed to ana-
lyze input, determine failure type, and select the appropriate model
for processing.

3 Results
First Fine-Tuning Round: As result from the first fine-tuning
round, we obtained that the model achieved 11.76% accuracy, results
that were considered negative and displayed not only that we must
alter our training approach, but the metrics we were using as well.
Second Fine-Tuning Round: After the second fine-tuning, we
redid the dataset treatment, used a more complex model with in-
creased processing power and new metrics, achieving improved
values of 0.8286 BLEU and 0.8867 METEOR. The simulation in-
cluded 30 test failures, with 17 unusable and 13 usable responses
(57% failures and 43% successes). This failure rate indicates the
model remains far from satisfactory due to numerous hallucina-
tions.
Third Fine-Tuning Round: Table 1 shows results after the third
fine-tuning round. Specialized models for failure types improved
results. Gamma model covering 2 low-complexity bug reports per-
formed best with 0.9634 BLEU and 0.9845 METEOR, while Alpha
model covering more reports performed worst with 0.8641 BLEU
and 0.9267 METEOR. Beta model covering 1 high-complexity report
had reasonable performance. The senior test evaluation showed
70% success, demonstrating specialized models’ superiority.

Table 1: Results of the Third Fine-Tuning Round

Model Results

T5-Base Alpha

BLEU 0.8641
METEOR 0.9267
Precision 0.9467
Recall 0.9436

F1-Score 0.9450

T5-Base Beta

BLEU 0.8572
METEOR 0.9259
Precision 0.9500
Recall 0.9427

F1-Score 0.9463

T5-Base Gamma

BLEU 0.9845
METEOR 0.9634
Precision 0.9898
Recall 0.9886

F1-Score 0.9892

Figure 1: A Comparison of Test Results between 2nd and 3rd
Fine-Tuning Stages

4 Conclusions
This study investigated the optimization of bug report writing
using LLMs. We conducted a study using real bugs from a software
industry testing team to fine-tune the T5 model to generate bug
reports based on brief problem descriptions. After the first fine-
tuning stage, the accuracy was 0.1176. The second stage achieved
a BLEU of 0.8286 and METEOR of 0.8867. However, real-world
testing showed 43% success and 57% failure rates, indicating poor
practical usability. The third fine-tuning stage, which uses separate
datasets and models for similar bug groups, improves the results
to 70% success and 30% failure rates. This study demonstrates that
automatic bug report generation using LLMs is feasible. Using
specialized models for similar bug types proved to be more cost-
efficient when the processing power was limited. Future work could
explore using more robust T5 models and larger datasets with
greater processing powers. We plan to conduct a case study with a
test team using the LLM for bug reporting.
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