% applied sciences

Article

CTQRS-Based Reinforcement Learning Framework for Reliable
Bug Report Generation Using Open-Source Large
Language Models

Geunseok Yang *

check for
updates
Academic Editors: Stefan Fischer and

Douglas O’Shaughnessy

Received: 19 October 2025
Revised: 7 November 2025
Accepted: 24 November 2025
Published: 26 November 2025

Citation: Yang, G. CTQRS-Based
Reinforcement Learning Framework
for Reliable Bug Report Generation
Using Open-Source Large Language
Models. Appl. Sci. 2025, 15, 12545.
https:/ /doi.org/10.3390/
app152312545

Copyright: © 2025 by the author.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Department of Computer Applied Mathematics, Computer System Institute, Hankyong National University,
Anseong 17579, Republic of Korea
* Correspondence: gsyang@hknu.ac kr

Abstract

The advancement of Large Language Models (LLMs) has opened new possibilities for
automating bug report generation in software engineering. However, a fundamental
limitation remains: the generated reports often fail to maintain both consistent structure
and reliable semantic quality. To address this issue, this study proposes a Reinforcement
Learning (RL) framework that integrates the CTQRS (Completeness, Traceability, Quality,
Reproducibility, Specificity) metric as a reward signal. The proposed method aims to
enhance both the structural completeness and semantic coherence of generated reports,
enabling the automatic creation of reliable bug reports based on open-source LLMs. The
training process consists of three stages: Supervised Fine-Tuning (SFT), Reinforcement
Learning (RL), and Refinement. In the SFT stage, the model learns the formal structure
of bug reports, reducing the loss from 1.9 to 1.3 and achieving initial CTQRS and SBERT
scores of 0.46 and 0.68, respectively. In the RL stage, a multi-reward function centered on
CTQRS is combined with the Proximal Policy Optimization (PPO) algorithm, increasing the
reward value from 0.42 to 0.63 with stable convergence confirmed through the Exponential
Moving Average (EMA). During this process, the CTQRS and SBERT scores improved to
0.72 and 0.84, demonstrating that the model simultaneously enhanced structural complete-
ness and semantic consistency. In the final Refinement stage, the outcomes of SFT and RL
are integrated, and a critic-based fine-grained feedback adjustment strategy is applied to
stabilize the final outputs. The refined reports maintained a reward value of approximately
0.65, achieving peak CTQRS and SBERT scores of 0.76 and 0.85, respectively. Throughout
the entire training process, the stability of the reward gradients was preserved, and the
adjustments to length rewards and repetition penalties effectively prevented excessive
verbosity. Experimental results show that the proposed CTQRS-based reinforcement learn-
ing framework improves the structural completeness, contextual accuracy, and evaluation
stability of bug reports, thereby quantitatively enhancing the reliability of LLM-based
(v.Qwen2.5-7B-Instruct) software quality assurance documentation. Future work will fo-
cus on further improving formal precision and evaluation consistency by fine-tuning the
number of critic iterations (critic_iters) and adjusting detailed reward weights.

Keywords: CTQRS-guided reinforcement learning; large language models; bug report
generation; Proximal Policy Optimization; software quality assurance
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1. Introduction

Bug reports are essential artifacts for identifying and tracking defects throughout
software development and maintenance processes [1]. However, in real-world projects,
their quality often varies significantly depending on the reporter’s expertise and writing
style [2]. In particular, open-source projects and large-scale collaborative environments
frequently involve non-expert contributors, leading to reports that are written in free
formats or missing required fields. Such incomplete reports complicate the reproduction
and resolution of defects, reducing maintenance efficiency and negatively impacting both
software quality and productivity. Therefore, automating the structuring of unformatted
reports and supplementing missing information has long been an important research topic
in software engineering. To clarify, the goal of this study is to structurally organize and
refine user-provided bug reports rather than to reconstruct or infer information that is not
supplied by the user.

Recent advances in Large Language Models (LLMs) have opened new possibilities
for automating bug report quality improvement. Models such as GPT [3], LLaMA [4], and
Qwen [5] have shown strong capabilities in contextual understanding and natural language
generation through large-scale text learning. With proper prompt design and fine-tuning
techniques, these models can generate reports that adhere to given structural or stylistic
constraints. In particular, few-shot learning [6] and the Chain-of-Thought (CoT) reasoning
strategy [7] enable LLMs to learn complex narrative structures from only a few examples,
establishing them as key techniques in automated report generation. However, most
existing studies have relied on template-based generation or supervised fine-tuning (SFT),
which fail to incorporate quality indicators such as CTQRS (Completeness, Traceability,
Quality, Reproducibility, Specificity) into the learning process [8]. Moreover, evaluation has
often depended on lexical metrics such as ROUGE-1 Recall, which insufficiently capture
semantic precision and coherence [9].

To address these limitations, this study proposes a CTQRS-based Reinforcement Learn-
ing (RL) framework [10]. The proposed approach explicitly integrates report quality metrics
as learning objectives, allowing the model to evaluate and improve its own generation
outputs according to these metrics. The training process consists of three stages. First,
during the Supervised Fine-Tuning (SFT) stage, the model learns the basic format and
sentence structure of bug reports. In the subsequent RL stage, the Proximal Policy Op-
timization (PPO) algorithm [11] is used to optimize a composite reward function that
combines CTQRS, ROUGE, and SBERT (Sentence-BERT) metrics [12], thereby improving
both structural completeness and semantic coherence. Finally, in the refinement stage [13],
the model further enhances the linguistic precision and document consistency of its outputs
based on the RL results. This staged learning process enables the model to move beyond
mere imitation of training data and acquire a quality-oriented generation policy [14].

This three-stage structure is designed not for procedural convenience but for stability
and quality alignment. The supervised fine-tuning stage provides the model with structural
and grammatical priors that stabilize the reward landscape during reinforcement learning.
Direct RL from an uninitialized LLM was observed to produce incoherent or incomplete
reports due to the absence of these priors. The refinement stage further harmonizes
structural fidelity with linguistic precision, preventing reward bias and ensuring balanced
improvement in both form and content.

Experiments conducted on 3966 bug reports collected from Bugzilla [15] show that
the proposed model significantly outperforms the supervised learning baseline, improving
the CTQRS score from 0.46 to 0.76 and the SBERT similarity from 0.68 to 0.85. The PPO
training process exhibited stable convergence under the Exponential Moving Average
(EMA) scheme, and the refinement stage maintained a reward value around 0.65, showing
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improvements in both structural completeness and linguistic accuracy. These results

indicate that the proposed framework advances beyond reproducing report templates,

enabling autonomous generation that internalizes and reflects quality evaluation criteria.
The major contributions of this study are summarized as follows:

e A CTQRS-based RL framework was designed to enable the model to learn both
structural completeness and semantic consistency of reports. This allows direct opti-
mization of report quality during training.

e A multi-reward function integrating CTQRS, ROUGE, and SBERT metrics was pro-
posed to balance structural completeness, lexical fidelity, and semantic coherence.
Additional length rewards and repetition penalties were incorporated to quantita-
tively control expression quality.

e A staged learning structure combining supervised and reinforcement learning was
implemented. After acquiring basic structure through SFT, the model optimizes quality
metrics via RL and further refines precision and stability in the final stage.

e  Experiments on the Bugzilla dataset verified consistent improvements across CTQRS,
ROUGE, and SBERT metrics compared to the baseline, demonstrating the practical
contribution of RL to bug report quality enhancement.

By incorporating quality metrics not merely as evaluation criteria but as core learning
objectives, this study introduces a new direction for automated bug report generation.
The proposed framework extends the language generation capabilities of LLMs into a
quality-driven learning paradigm, enabling efficient and reproducible report generation
that improves completeness and coherence without human feedback. This work provides a
solid foundation for the automation of software quality management and the development
of Al-assisted maintenance systems.

2. Background Knowledge
2.1. Bug Report Quality and the Need for Automation

In the process of software development and maintenance, bug reports serve as a critical
medium that connects defect identification, reproduction, correction, and verification.
However, in real-world practice, the quality of bug reports varies significantly depending
on the author’s expertise, technical understanding, and writing style. In open-source
projects or collaborative development environments, non-expert users often submit reports,
resulting in frequent cases where essential information is omitted or the reporting format
is inconsistent. Such incomplete reports make it difficult to identify the root cause of
problems and lead to unnecessary consumption of time and human resources during defect
reproduction and resolution. Consequently, the efficiency of project quality management
decreases, creating a vicious cycle that increases maintenance costs [1,2].

The degradation of bug report quality generally manifests in two dimensions. First,
structural incompleteness refers to the absence of essential information or unclear format-
ting. For instance, when a report fails to clearly describe the Steps to Reproduce or does
not properly distinguish between Expected Behavior and Actual Behavior, developers
struggle to replicate the defect. Second, semantic inconsistency arises when ambiguity or
lack of contextual clarity prevents the intended meaning of the report from being accurately
conveyed. In such cases, even a formally complete report may fail to help developers fully
understand the nature of the issue [1].

Traditional approaches to address these quality issues have relied on template-based
reporting and checklist-driven validation rules. While these methods enforced a certain
level of consistency by requiring adherence to predefined formats, they still depended
heavily on the author’s linguistic skills and technical comprehension, making it difficult to



Appl. Sci. 2025, 15, 12545

4 of 26

guarantee fundamental quality. Moreover, manual validation is both time-consuming and
costly, making it impractical as a scalable quality assurance method in large-scale projects.

Against this backdrop, recent research has increasingly focused on automating the
structuring and quality refinement of bug reports. The rapid advancement of large language
models (LLMs) has opened new possibilities for automatically analyzing and structuring
reports written in natural language [3-5]. Through extensive text training, LLMs have
acquired strong contextual understanding and narrative generation capabilities. By leverag-
ing these capabilities, it becomes possible to transform unstructured inputs into structured
formats and to supplement missing information. This technological progress has intro-
duced a new direction for automating bug report quality management and underscored the
need for quantitative approaches that simultaneously ensure completeness, reproducibility,
and semantic coherence [8].

The quality of bug reports represents more than an issue of document formatting; it
is a fundamental factor that directly influences the efficiency and reliability of software
maintenance. As a result, developing an automated reporting framework that ensures both
structural completeness and semantic consistency has emerged as a crucial area of research
in modern software engineering [1,2].

2.2. LLM-Based Automated Bug Report Generation

The advancement of large language models (LLMs) has opened new possibilities
for automatically structuring and refining unstructured bug reports. Models such as
GPT, LLaMA, and Qwen [3-5] have been trained on vast amounts of text data, enabling
them to understand context and generate coherent natural language. Through prompt
design and supervised fine-tuning (SFT), these models can generate reports that conform
to given constraints [14,16,17]. They are effectively utilized to extract key information from
input reports or supplement missing content while maintaining sentence coherence and
natural expression.

For this reason, recent studies have explored various approaches that leverage LLMs
to automatically generate or summarize bug reports. Representative methods include
learning the structural patterns of reports through SFT or designing specific prompts to
automatically generate elements such as reproduction steps or expected results. Some
research has focused on automating the generation of summaries, defect classification,
or textual refinement based on LLMs to improve the quality of bug reports [13]. These
approaches have gained attention for overcoming the limitations of traditional template-
based systems and producing more flexible and contextually rich reports.

However, LLM-based approaches still face fundamental challenges. Because these
models primarily learn linguistic patterns, they often achieve formal completeness but
fail to incorporate the technical details or logical relationships required for actual defect
reproduction. Although the generated reports may appear grammatically sound, they
frequently lack clear explanations of defect causes or symptoms, limiting their practical
utility in real maintenance scenarios. Moreover, evaluation metrics are often biased toward
lexical similarity, making it difficult to quantitatively assess the real usefulness and quality
of reports. Most prior studies have relied on lexical-based metrics such as ROUGE [9]
and BLEU [18], which are insufficient for simultaneously measuring both the structural
completeness and semantic coherence of reports.

Research on automatic bug report generation using LLMs faces its greatest challenge
in defining and incorporating quality into the learning process. Existing approaches have
primarily emphasized reducing lexical differences from reference sentences, which limits
the model’s ability to learn quality attributes such as completeness and reproducibility [1,8].
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As a result, the generated reports may appear linguistically well-structured, yet their
reliability and practical usability in real maintenance environments remain insufficient.
Recently, there has been growing recognition of the need for quantitative metrics that
can evaluate report quality from multiple perspectives. In particular, CTQRS has emerged
as a quality assessment framework capable of considering both structural completeness
and semantic coherence rather than simple lexical similarity [8]. This approach provides a
crucial foundation for quantitatively controlling the quality of LLM-generated bug reports
and enhancing them to a level that is practically applicable in real maintenance processes.

2.3. Bug Report Quality Metrics and the CTQRS Framework

To objectively assess the quality of bug reports, a multidimensional approach is
required that goes beyond simple linguistic similarity or word frequency-based evaluation.
Such an approach must simultaneously consider both the structural completeness and
semantic coherence of a report. Existing evaluation metrics have failed to fully capture these
composite aspects of quality, which limits their ability to precisely measure the performance
of automated report generation models or provide meaningful directions for improvement.

Representative metrics commonly used in prior studies include lexical-based measures
such as ROUGE [9] and BLEU [18]. ROUGE calculates the overlap of words and n-grams
between the reference report and the generated report, making it useful for assessing lexical
similarity. In particular, ROUGE-1 Recall measures how comprehensively the generated
report covers the key words of the original report, thereby quantifying the extent to which
essential information is preserved. However, the ROUGE family of metrics does not reflect
contextual meaning and relies solely on the presence of identical words. As a result, it
cannot accurately capture true quality differences when sentence structures differ or word
choices vary.

To overcome this limitation, recent studies have introduced semantic-based evaluation
methods using SBERT embeddings [12]. SBERT converts sentences into embedding vectors
and calculates cosine similarity, allowing it to quantify whether two sentences convey the same
meaning even when their lexical forms differ. A higher SBERT score indicates that the generated
report semantically aligns with the reference report, effectively measuring logical structure
and sentence-level expression quality. Nevertheless, SBERT still has limitations in evaluating
structural relationships among sections or the overall formal consistency of a report.

To address these shortcomings, the CTQRS-based evaluation framework was pro-
posed. CTQRS integrates five key attributes that collectively define bug report quality,
offering a qualitative and quantitative metric that reflects both structural completeness and
reproducibility [1,8].

e Completeness evaluates whether all essential components, such as the summary,
reproduction steps, expected results, actual results, and environment information
are included.

e  Traceability measures whether execution contexts, configuration details, and version
information are sufficiently specified to enable follow-up actions.

e Quality assesses clarity of description, syntactic consistency, and minimization of
redundancy, relating to readability and precision of expression.

e  Reproducibility evaluates whether the reported issue can be consistently reproduced
based on the provided information, which is critical for effective debugging.

e  Specificity measures whether the report contains concrete evidence such as symptoms,
file paths, logs, and error codes rather than vague expressions.

CTQRS is significant in that it integrates both formal completeness and substantive
usefulness, which are often missed by traditional lexical-based metrics. By independently
scoring each component and aggregating them with weighted sums, CTQRS quantitatively
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captures how omissions or imbalances in specific elements affect the overall report quality.
This enables joint verification of both the structural completeness and practical applicability
of automatically generated bug reports.

The CTQRS framework serves not only as an evaluation metric but also as a reference
standard for managing the quality of bug reports. In this study, CTQRS is incorporated as a
reward function within the training process, aligning the model’s learning objective directly
with the evaluation criteria. Through this integration, the model learns to optimize both
structural completeness and semantic coherence rather than focusing solely on linguistic
similarity. This design provides a foundation for quantitatively controlling the quality
of automated bug report generation and enabling its practical use in real-world software
maintenance environments.

2.4. Reinforcement Learning for Quality Optimization and Position of This Study

Research on automated bug report generation using large language models (LLMs) has
advanced rapidly in recent years. Most existing approaches rely on supervised fine-tuning
(SFT) or prompt-based generation [14]. These methods are effective in learning the typical
document structure and linguistic patterns of reports. They do not, however, internalize the
ability to evaluate or improve the quality of the generated reports. Conventional models
reproduce statistical patterns from given data and remain limited in achieving the structural
completeness and semantic consistency required in practical defect reports.

Reinforcement learning (RL) has emerged as a quality-oriented learning paradigm
that can overcome these limitations [10]. Supervised learning passively trains models using
labeled data, while reinforcement learning actively evaluates model outputs through a
reward function and optimizes the policy based on the feedback. The model learns to
distinguish “good reports” from “poor reports” through reward signals. The Proximal
Policy Optimization (PPO) algorithm stabilizes this optimization by preventing abrupt
policy changes and enables gradual performance improvement. PPO has become one of
the most widely used algorithms in natural language generation tasks [11].

This study introduces the structural advantages of reinforcement learning to the
task of bug report generation. Unlike conventional Reinforcement Learning with Human
Feedback (RLHF) approaches [14], this work employs quantitative quality metrics directly
as reward functions, enabling autonomous quality-driven learning. The reward function
integrates CTQRS [8] with supplementary evaluation metrics such as ROUGE [9] and
SBERT [12]. CTQRS captures the formal completeness and technical specificity of a report,
while ROUGE and SBERT complement lexical fidelity and semantic coherence. This metric-
based reward structure encourages the model to consider both structural integrity and
informational utility rather than merely imitating surface patterns.

The reinforcement learning framework contributes to improving three dimensions
of report quality simultaneously. The model internalizes structural completeness by re-
peatedly evaluating core report sections—summary, reproduction steps, expected results,
and actual results—during training. The inclusion of semantic indicators in the reward
signal enhances contextual coherence and clarity of technical descriptions. The interaction
between reward and policy naturally suppresses redundancy and verbosity, resulting in
higher readability and information efficiency. Through this process, the model evolves
from a simple text generator into an autonomous system that learns quality evaluation
criteria as part of its generation objective.

The proposed approach addresses the structural constraints and semantic instability
that have limited prior LLM-based report generation studies. Supervised learning alone
cannot achieve quality improvement beyond the patterns contained in data. By integrating
reinforcement learning, the model iteratively evaluates and refines its outputs, achieving
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a more quality-oriented learning process. The model first establishes linguistic stability
through supervised training, strengthens quality criteria through reinforcement learning,
and enhances accuracy and consistency of expressions in a final refinement phase [13,14].
This stepwise training structure enables quality-centered report generation that a single
learning method cannot attain. The proposed framework serves as a practical solution
that advances both structural completeness and semantic consistency in automated bug
report generation.

3. Related Work

In real-world software development, bug reports serve as essential evidence for repro-
ducing and resolving defects. Persistent issues have been raised regarding their inconsistent
quality, largely due to differences in the author’s writing ability and style. Even when
describing the same defect, authors often use distinct narrative structures and terminol-
ogy, leading to semantic inconsistencies across reports. Such irregularity and expressive
diversity reduce comprehension and reproducibility, ultimately hindering the efficiency of
maintenance activities. To address these problems, researchers have explored approaches
that learn the contextual meaning of reports or extract and summarize key sentences to form
structured representations. These efforts aim to enhance readability and reproducibility
while minimizing information loss during maintenance.

Fang et al. [19] proposed a model that predicts bug-fixing priorities using a Weighted
Graph Convolutional Network and showed that representational features of reports can
improve maintenance efficiency. Fang et al. [20] later introduced RepresentThemAll, a
universal representation learning framework that captures both contextual and semantic
characteristics of bug reports, thereby expanding the general applicability of report em-
beddings. Liu et al. [21] presented BugSum, a deep learning-based summarization model
for extracting essential context from lengthy reports, and Shao et al. [22] implemented a
domain-specific summarization model optimized for software engineering through spe-
cialized representation learning. These studies advanced the understanding of structural
and semantic features in bug reports but largely focused on static representation learning
or extractive summarization. As a result, quality aspects such as completeness and repro-
ducibility were not directly integrated into training, and the quality of generated reports
remained dependent on post-hoc evaluation.

Automation in bug triage and management has also been explored to improve the
utility and effectiveness of bug reports. Lamkanfi et al. [23] analyzed textual content to
automatically predict defect severity, and Sarkar et al. [24] enhanced classification accuracy
in industrial environments (e.g., Ericsson) by applying confidence-driven triage models.
Medeiros et al. [25] employed crash report mining to locate defect positions automati-
cally, providing empirical evidence that report quality directly influences maintenance
efficiency. These studies improved automation in downstream processes but assumed a
consistent input quality in bug reports. When the input quality is poor, subsequent triage
or management tasks perform less accurately, leaving the fundamental issue unresolved.

Advances in large language models (LLMs) have enabled structured and coherent text
generation. Chen et al. [26] evaluated code-focused models such as Codex and confirmed
that large-scale pretraining significantly improves code generation performance. Ben Allal
et al. [27] proposed StarCoder, trained on large open-source code datasets, and Roziere
et al. [28] introduced CodeLLaMA, a model specialized for code comprehension and
generation. Luo et al. [29] developed WizardCoder, which applied command-based fine-
tuning to improve both fluency and reasoning in code generation. These findings illustrate
that LLMs can internalize structural patterns and logical consistency through large-scale
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learning. However, most models continue to emphasize linguistic fluency and grammatical
correctness rather than structural completeness or explicit quality objectives.

Research on self-refinement and feedback-based improvement has gained increasing
attention. Chen et al. [30] proposed the Self-Debug approach, which allows models to
identify and correct their own errors during code generation. Gou et al. [31] introduced
CRITIC, integrating external tools with critical feedback to iteratively refine model outputs.
These approaches enhanced self-evaluation and self-improvement capabilities, yet they
primarily relied on heuristic feedback or unstructured corrections. Methods that incorporate
quantitative quality metrics as direct learning signals remain insufficiently developed.

Evaluation methodologies have shifted from lexical similarity toward semantic and
functional perspectives. Zhang et al. [32] proposed BERTScore, which uses contextual em-
beddings to quantify semantic similarity and evaluate meaning alignment in text. Eghbali
et al. [33] introduced CrystalBLEU for fine-grained assessment of code generation, and
Zhou et al. [34] developed CodeBERTScore to capture semantic correspondence between
code and natural language. Wang et al. [35] proposed evaluating functional correctness
based on execution results, while Lu et al. [36] constructed CodeXGLUE, a benchmark
that standardized such evaluation frameworks. These studies advanced the assessment of
semantic alignment in text and code generation but did not sufficiently address quality di-
mensions such as formal completeness or informational specificity. Evaluation metrics have
become more refined, yet systematic mechanisms that utilize them as learning objectives
remain undeveloped.

Research across representation learning, triage automation, LLM-based generation,
self-refinement, and evaluation design has collectively enhanced the efficiency of software
maintenance. Despite these achievements, most studies have not integrated report quality
as a direct learning goal. Prior work generally treated report quality as a post-training
evaluation measure rather than a feature that the model could recognize and optimize
during training.

This study introduces a quality-oriented reinforcement learning framework that in-
corporates CTQRS metrics into the reward function. The framework enables models to
evaluate and refine structural completeness and semantic coherence beyond grammatical
correctness through self-improving quality learning. The approach moves beyond imita-
tion learning and presents a new direction for enhancing reliability and reproducibility in
automated bug report generation.

4. Methodology

The CTQRS-based reinforcement learning framework proposed in this study is de-
signed to automatically generate reliable and structurally complete bug reports by lever-
aging the representational capabilities of open-source large language models. The overall
architecture of the proposed system is summarized in Figure 1.

Figure 1 illustrates the end-to-end workflow of the proposed framework in four layers.
The top layer shows the data preprocessing process, where approximately 15,000 raw
Bugzilla reports are filtered through rule-based verification and CTQRS scoring to construct
a structured dataset of 3966 high-quality entries. The middle layer represents the three-
stage training pipeline composed of supervised fine-tuning (SFT), reinforcement learning
(RL), and self-critic refinement. Each stage progressively enhances structural complete-
ness and semantic coherence. The lower-left section describes the CTQRS scoring and
reward integration logic, where five subcomponents (Completeness, Traceability, Quality,
Reproducibility, and Specificity) are aggregated into a composite score and combined with
ROUGE and SBERT metrics to form the final reward. The lower-center section depicts
the PPO optimization flow, in which the Policy Model, RewardAgent, and Value Model
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interact to update the policy through advantage estimation and EMA-based stabilization.
Finally, the lower-right section presents the comparative effects of the three training stages,
highlighting incremental improvements in CTQRS (0.46 — 0.72 — 0.76), SBERT (0.68 —
0.84 — 0.85), and ROUGE (0.52 — 0.61 — 0.63) as well as qualitative refinements in report
clarity and completeness.

Dataset Collection & Preprocessing

* Bugzilla raw reports (=15,000)
* Rule-based structure verification
» CTQRS > 14 filter — final 3966 data

Structured Bug Report Dataset

|
Three-Stage Training Pipeline (SFT — RL — Refine)

(1) Supervised Fine-Tuning (SFT)
« Learns bug-report format and sentence patterns (loss 1.9—1.3)
« Establishes base structure (CTQRS 0.46, SBERT 0.68)

(2) Reinforcement Learning (RL, PPO Algorithm)

» RewardAgent computes composite reward:

» CTQRS (0.55) + ROUGE (0.25) + SBERT (0.20)

« length reward + repetition penalty

* PPO loop: Policy Model — RewardAgent — Value Model — update
* EMA smoothing ensures stability (reward 0.42—0.63)

* Quality improves (CTQRS 0.72, SBERT 0.84, ROUGE 0.61)

(3) Refinement (Self-Critic Stage)
« EvaluationAgent gives feedback (ctgrs=0.73 etc.)
» Model re-generates reports for fine-grained adjustment
» Stabilized reward = 0.65 (CTQRS 0.76, SBERT 0.85)
|

CTQRS Scoring and Reward Integration Logic

Completeness — ¢4, Traceability — c2, Quality — ¢3, Reproducibility — ¢4, Specificity — cs
CTQRS_total = ¥ (ws x ¢3)
Integrated with ROUGE & SBERT into Reward R

I
PPO Optimization and Module Interaction

Policy Model — RewardAgent — Value Model — Update Loop
Loss = min(reA., clip(re1—€,1+€)A) — ciLvalue + ¢S
EMA stabilization prevents reward fluctuation

[
Evaluation & Generation Outputs

Quantitative Trend

« CTQRS 1 0.46—0.72—-0.76
» SBERT 1 0.68—0.84—0.85
* ROUGE 1 0.52—-0.61-0.63

Qualitative Examples
* SFT: “The issue occurs randomly. Steps unclear.”

« RL: “Reproduction: open app — press Save — crash.”
« Refine: “Steps: open app — press Save — observe crash; Environment: Windows 11 Ver 22H2."
|
Final Output Reliable, Structurally
Complete Bug Reports

Figure 1. Integrated overview of the proposed CTQRS-guided reinforcement learning framework,
including the data preprocessing pipeline, CTQRS scoring logic, PPO optimization flow, and the
three-stage training (SFT — RL — Refinement) with comparative performance trends.
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The framework defines the quality of bug reports in quantitative terms and incor-
porates this evaluation directly into the training process. This approach addresses the
structural instability and semantic inconsistency that often occur in text generation-based
models. The system consists of three stages: supervised fine-tuning (SFT), reinforcement
learning (RL), and refinement.

In the initial SFT stage, the model learns the formal conventions and narrative structure
of bug reports, internalizing the fundamental format of the documents. In the reinforcement
learning stage, the CTQRS metric serves as a reward signal, enabling the model to improve
the completeness, reproducibility, specificity, and consistency of its generated reports.
Mechanisms such as reward normalization, repetition suppression, and length adjustment
are employed to ensure stable policy convergence during training.

After reinforcement learning, a critic-based refinement stage adjusts the logical coher-
ence and linguistic fluency of the generated reports. This process minimizes overfitting
and contextual distortion that may arise during reward-driven learning, enhancing both
readability and stylistic consistency.

As a result, the proposed framework functions not merely as a generative model but as
an autonomous learning system capable of evaluating and improving its own outputs based
on quality indicators. The reports produced through this approach exhibit a level of struc-
tural clarity and technical reliability comparable to human-written documents, extending
the practical potential of automating software quality assurance (QA) documentation.

4.1. Data Preprocessing

This study constructed a bug report dataset suitable for training large language mod-
els, based on actual defect reports from open-source software projects. The source data were
collected from the public bug-tracking system Bugzilla, yielding approximately 15,000 re-
ports. During data collection, only entries marked as “fixed” or “closed,” rather than “open”
or “in progress”, were selected to ensure reliability and completeness. This criterion was
established to include only cases with clearly documented reproduction procedures and
resolution outcomes.

The collected data exhibited substantial variation in quality and were unsuitable for di-
rect use. To address this issue, two sequential stages were performed: rule-based structural
verification and quality score-based refinement. In the first stage, regular expressions were
used to retain only reports containing all essential components, including Summary, Steps
to Reproduce, Expected Behavior, Actual Behavior, and Additional Information. After
structural filtering, the CTQRS automatic evaluation tool [8] was applied, and reports
scoring 14 or higher out of 17 points were classified as high quality. This threshold followed
the criterion defined in prior research for identifying “sufficiently complete reports” and
was adopted to minimize learning bias caused by incomplete entries.

After refinement, approximately 3966 reports were finalized as the dataset. A portion
of the data was manually reviewed to confirm quality suitability, and the dataset main-
tained the same structure as the version registered in a public repository [15], ensuring
independent verification. The data were divided into training, validation, and test sets in
an 8:1:1 ratio to support generalization performance evaluation. Random seed fixation was
applied to preserve consistency across experiments.

All finalized reports were normalized into the model input format, consisting of an
Input Summary and a Reference Report. Through this preprocessing procedure, the dataset
achieved both structural consistency and quality compliance across documents. It provided
a reliable foundation for reinforcement learning, ensuring stable policy optimization and
reward function design based on the CTQRS framework.
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4.2. CTQRS-Guided Reward Design

In this study, the reward function used during the reinforcement learning phase
was designed to quantitatively evaluate both the structural completeness and semantic
consistency of bug reports. The key idea of the reward design is to integrate multiple
dimensions of report quality centered on the CTQRS metric. This allows the model to learn
to generate reports that satisfy both structural format and semantic coherence, rather than
producing simple sentences.

Each of the five CTQRS dimensions was scored on a normalized scale from 0 to 1 using
weighted sub-formulas derived from the presence and completeness of specific report
sections. The scoring functions were defined as follows:

Each sub-component of the CTQRS metric is mathematically defined in Equations (1)-(5).

Completeness (C1) = (Npresent/Nrequired) 1)
Traceability (C,) = f(version, environment, configuration) (2)
Quality (C3) =1 — (redundantphrases/ totalsentences) 3)
Reproducibility (C4) = exp(—Asteps/ osteps) 4)
Specificity (Cs) = (Nconcrete_evidence/ Niotal_evidence) 5)

Here, Npresent denotes the number of required sections present (out of five: Summary,
Steps, Expected, Actual, Environment); Asteps is the deviation from the optimal number of
reproduction steps, and 0steps controls the penalty smoothness. Each score was normalized
by min—-max scaling before aggregation, and the final CTQRS score was computed as

CTQRS = (C1 + Cz + C3 + C4 + C5)/5 (6)

The overall CTQRS score is then computed by averaging the five sub-scores as shown
in Equation (6).

The reward function consists of three major components.

First, the fundamental quality evaluation metrics include the CTQRS score [8], ROUGE-
1 Recall and F1 scores [9], and SBERT similarity [12]. CTQRS measures the overall structural
fidelity and completeness of a report. The ROUGE metrics assess lexical accuracy, and
SBERT evaluates semantic consistency between sentences. All metrics are normalized
within the range of 0 to 1 and then integrated using a weighted sum. The default weights
are set as Wetqrs = 0.55, Wrouge1 r = 0.25, Wgpery = 0.20. These values place greater emphasis
on structural completeness while maintaining a balance that reflects semantic naturalness
and lexical reproducibility.

Each reward component was computed through a standardized normalization process
before integration. The CTQRS, ROUGE, and SBERT scores were scaled to the [0, 1] range
using min-max normalization to ensure equal contribution of each metric. The length
reward was calculated using a Gaussian function defined as:

Loonus = exp(— (L — Lo)*/(20%))) 7)
The Gaussian-based length reward is formulated in Equation (7) to maintain appropriate
report length.

where L denotes the token length of the generated report, Ly = 280 is the target mean length,
and o = 140 controls the acceptable range of deviation. This function yields its maximum
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value of 1 when L ~ Ly and decreases smoothly as the length diverges. The repetition
penalty was computed from the 4-g duplication rate:

Prepeat = Ddup /MNiotal (8)

where ngyp is the count of duplicated 4-g and nyoy,) the total number of 4-g. A negative
reward of —0.05 X Prepeat Was applied proportionally to discourage redundancy. These
intermediate calculations produced consistent scaling across reward terms before the final
weighted-sum integration.

The weight configuration of (0.55, 0.25, 0.20) was determined through preliminary sen-
sitivity experiments that assessed the relative influence of each metric on convergence
stability and output diversity. CTQRS received the highest weight because structural com-
pleteness and reproducibility represent the primary objectives of bug report generation,
while ROUGE-1 and SBERT were assigned lower but complementary weights to preserve
lexical fidelity and semantic coherence. When the CTQRS weight exceeded 0.6, the model
produced structurally rigid and less diverse reports, whereas increasing the SBERT weight
above 0.3 resulted in longer and more redundant sentences. Conversely, reducing any
component below 0.15 degraded convergence stability and quality balance. The selected
ratio therefore provided the most stable trade-off between structure-oriented and meaning-
oriented optimization. To mitigate potential overfitting to specific reward components, the
reward signals were smoothed through an Exponential Moving Average (EMA) mechanism
during PPO updates, which prevented the policy from reacting excessively to transient
metric fluctuations. Small variations (£0.05 per component) produced similar qualitative
outcomes, confirming that the model’s behavior is robust to minor weighting changes.

Second, the length-based reward component ensures that the generated report remains
within an appropriate range of descriptive length. Reports that are too short tend to omit
information, while excessively long ones often contain redundant or inefficient expressions.
To prevent this, the target average length was set to Ly = 280 with a standard deviation
o = 140. The length reward was defined in a Gaussian form, where the reward approaches
its maximum value (1) when the report length falls within the target range and decreases
as it diverges from it. This component contributes to the total reward with a weight factor
of 0.1.

Third, the repetition penalty component was introduced to suppress excessive repeti-
tion of identical phrases or sentence patterns. The 4-g frequency of the generated document
is calculated, and a negative reward of —0.05 is applied whenever identical #-grams are
repeated. The repetition penalty is defined in Equation (8) to suppress redundant n-gram
patterns. This mechanism helps ensure readability and diversity in expression.

The final reward function is defined as follows:
R= Wetqrs C+ Wrougel_fl F1+ Wrougel_r R1 + Wgpert S + &Llponus + ﬁPrepeat )

e Here, C, F1, R1, and S denote CTQRS, ROUGE-1 F1, ROUGE-1 Recall, and SBERT
similarity, respectively. Lj,onys represents the length reward, and Prepeat represents the
repetition penalty. The constants « = 0.10 and 3 < 0 control the relative influence of
the length and repetition components.

The complete reward function integrating CTQRS, ROUGE, SBERT, length reward, and

repetition penalty is summarized in Equation (9).

The RewardAgent computes the reward values by comparing the generated reports
with their reference counterparts based on this reward function and passes them to the
policy optimization algorithm (PPO) [10,11]. Each metric is computed through the Evalu-
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ationAgent, which also provides fallback mechanisms to approximate the reward using
ROUGE and SBERT when CTQRS evaluation is unavailable.

This reward design enables the reinforcement learning model to go beyond simple
imitation of textual similarity. It allows comprehensive learning of report structure, content
reproducibility, and linguistic naturalness. The CTQRS metric captures structural com-
pleteness, while ROUGE and SBERT ensure lexical and semantic consistency. The length
reward and repetition penalty further stabilize overall document quality. As a result, this
reward framework serves as a central component of reinforcement learning that enhances
bug report quality across multiple dimensions.

4.3. Reinforcement Learning Framework

The reinforcement learning procedure in this study was designed as a policy op-
timization framework in which the bug report generation model learns to maximize a
CTQRS-based reward function. The overall process consists of four components: the Pol-
icy Model, the Reference Model, the Value Model, and the Reward Model. Training is
conducted using the Proximal Policy Optimization (PPO) algorithm [11]. This structure
ensures both stability and efficiency in reward-driven learning while preventing the text
generation model from overfitting to unstable reward signals.

The Policy Model is initialized from a supervised fine-tuned large language model,
Qwen2.5-7B [5], and is trained to generate reports that reflect CTQRS metrics. The Reference
Model shares the same architecture but remains fixed during training to serve as a stable
baseline for measuring policy updates.

The Reward Model is implemented through the RewardAgent. It compares the
generated reports with reference reports and computes evaluation metrics such as CTQRS,
ROUGE-1, and SBERT. These metrics are combined into a single scalar reward according to
the reward function. The computed reward provides a quantitative signal of the generated
report’s quality and guides policy updates during the PPO advantage estimation process.

The Value Model is a neural network designed to approximate the expected reward of
the policy. It reduces the variance of the advantage function and improves training stability.
In this study, the ValueModelWrapper receives the hidden states from the base language
model and outputs a scalar value. This allows the model to estimate the relative value of
a generated report for a given input and mitigates excessive reward fluctuations during
policy updates.

Training applies PPO’s clipping mechanism to prevent the policy from changing ex-
cessively within a single update. In each episode, the model receives a bug report summary
as input, generates a structured report, obtains a reward signal from the RewardAgent, and
updates the policy network by minimizing the loss function. The loss consists of policy
loss, value loss, and an entropy term, expressed as:

L = E¢ [min(ri(0) Ay, clip(ri(6),1 — &,1 + €)Ag)] — c1Lvaie + 25 (10)
The overall PPO objective function is defined in Equation (10), balancing policy improve-

ment and reward stability.

o Where r(0) is the probability ratio between the new and reference policies, A; is the
advantage function, Ly,y,e denotes the value loss, S represents policy entropy, and
c1, ¢ are weighting coefficients. This formulation maintains stable convergence and
balances exploration and exploitation during training.

The total loss was further decomposed into three sub-components:

Policy Loss: Lyolicy = —Et [min (r¢(6) Ay, clip (r¢(6), 1 — ¢, 1 + €) Ay)] 11
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Value Loss: Lyajue = Bt [(V_0(s) — Re)?] (12)
Entropy Loss: Lentropy = —Et [ £ 7_6(alst) log 7t_6(alst)] (13)

Here, R; denotes the discounted reward-to-go, and V_6(s;) is the predicted state value.
The policy loss encourages reward-aligned updates, the value loss reduces variance in
advantage estimation, and the entropy term maintains exploration diversity. The combined
objective balances exploitation and exploration for stable convergence.

The three sub-loss components of PPO (policy, value, and entropy) are expressed in
Equations (11)—(13). These sub-loss functions were derived directly from the standard
PPO objective [11], ensuring theoretical consistency with the baseline formulation while
allowing explicit control over exploration and variance reduction.

All training was conducted using the PyTorch-based PPOv2Trainer module. The
mini-batch size was set to 1, and the learning rate was 2 x 10~°. Rewards computed by the
Reward Agent were used with the Value Model for advantage estimation, and exponential
moving average (EMA) validation was applied to confirm convergence stability. After
training, a critic-based refinement process was applied to enhance the logical consistency
of the generated reports [13].

As a result, the proposed reinforcement learning framework directly regulates policy
quality using structured reward signals derived from CTQRS, ROUGE, and SBERT metrics.
Through PPO stabilization mechanismes, it ensures both the consistency and convergence of
report quality. This structured training procedure enables the model to move beyond simple
text imitation and acquire an autonomous capability to generate reports that inherently
meet quality standards.

In this study, the PPO algorithm followed the standard implementation of Schulman
et al. [11]. The clipping range for policy updates was set to [0.8, 1.2], constraining the
probability ratio between new and reference policies to £20% per update step. This range
was selected empirically to balance reward stability and policy exploration. Discounted
rewards were used in advantage computation with a discount factor of y = 0.99, ensuring
that long-term quality signals were preserved without propagating excessive variance. The
entropy weight coefficient was set to ¢y = 0.01 to encourage diversity and prevent premature
convergence toward high-frequency patterns. All hyperparameters were validated through
preliminary stability experiments that confirmed consistent reward convergence under
EMA-based tracking.

4.4. Stabilization and Refinement Mechanism

In reinforcement learning-based bug report generation, instability in reward signals
can slow convergence and reduce the consistency of training outcomes. To address this
issue, this study designed a learning stabilization mechanism that combines Reward
Stabilization and Output Refinement.

During the reward stabilization phase, an exponential moving average (EMA)-based
reward estimation was applied to mitigate reward fluctuations observed during training.
The reward calculated at each step was tracked cumulatively through EMA, and when
the deviation from the previous mean reward exceeded a threshold, the learning rate
was automatically adjusted. This prevented the policy from reacting excessively to short-
term reward increases or overfitting to specific episodes. Length rewards and repetition
penalties within the reward function were also scaled by EMA, allowing stable reward
signals as training progressed. These procedures suppressed abrupt distortions in the
reward distribution during the convergence of the PPO-based policy and ensured stable
learning [11].
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The exponential moving average (EMA) reward smoothing was computed as:
EMA¢ = o x Reward; + (1 — «) x EMA_{t — 1} (14)

The EMA-based reward smoothing process is formulated in Equation (14) to stabilize
short-term reward fluctuations during training.

Where o is the smoothing coefficient that controls the balance between responsiveness
and stability. In this study, o« = 0.1 was empirically selected to provide stable yet sufficiently
responsive tracking of reward fluctuations. This mechanism suppressed short-term reward
oscillation while retaining gradual improvement signals.

This formulation represents a recursive smoothing process where recent rewards
contribute more strongly to the moving average, effectively filtering noise from transient
spikes and providing a stable feedback signal for PPO updates.

The output refinement phase followed the completion of reinforcement learning
and aimed to review and improve the quality of the generated bug reports. This study
adopted a self-critic refinement approach [13]. Instead of training a separate critic network,
the same language model was used in a critic role to perform self-evaluation and self-
revision. Specifically, a draft produced during reinforcement learning was evaluated by the
EvaluationAgent using CTQRS, ROUGE-1 (F1 and Recall), and SBERT metrics. The results
were converted into concise feedback sentences such as CTQRS = 0.73, rougel_r = 0.61,
and sbert = 0.83. This feedback was inserted into the [Feedback] section of the refinement
prompt, guiding the model to regenerate the report with the same input and context but in
a direction that improved quality metrics.

The refinement prompt was structured into three parts: [Input Summary], [Draft Re-
port], and [Feedback]. The [Feedback] section contained metric-based guidance generated
by the EvaluationAgent in the format “CTQRS = 0.73, ROUGE1_R = 0.61, SBERT = 0.83.”
This prompt explicitly instructed the model to improve completeness, clarity, and semantic
alignment without modifying factual content from the draft. Refinement iterations were
controlled by the hyperparameter critic_iters (set to 1 in this study), and automatic termi-
nation occurred when metric gains fell below ACTQRS < 0.01 and ASBERT < 0.005. This
procedure ensured stable convergence and prevented over-editing that could distort the
original context.

Decoding during refinement used deterministic settings with do_sample = False and
max_new_tokens = 512 to ensure reproducibility across runs. Each refinement call con-
sisted of a single self-critic regeneration, and the number of iterations could be adjusted
through the critic_iters hyperparameter. The process terminated when quality improve-
ment fell below a threshold (ACTQRS < 0.01, ASBERT < 0.005) or reached the maximum
iteration count. These conditions prevented excessive modifications that might compromise
document consistency.

The core of this refinement stage lies in an autonomous self-improvement process,
where the model interprets quantitative feedback on its own output and integrates it into
subsequent revisions. Feedback centered on CTQRS enhances logical coherence and struc-
tural balance across report sections, while ROUGE and SBERT improve linguistic fluency
and semantic alignment. This self-critic refinement structure minimizes reward overfit-
ting and contextual distortion that can arise during reinforcement learning, ultimately
improving both readability and consistency of the final report.

The proposed stabilization and refinement mechanism ensures consistent reward
signals and convergence stability throughout reinforcement learning, followed by fine-
grained quality improvement through self-critic refinement. Reward stabilization reinforces
stability during training, and self-critic refinement corrects the completeness of the final
output. As a result, the framework goes beyond simple reward optimization, establishing
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an autonomous quality control system capable of maintaining and enhancing the structural
completeness and semantic coherence of generated reports.

4.5. Bug Report Generation Process

After reinforcement learning is completed, the model generates actual bug reports
based on the policy it has internalized through training. The purpose of this process is to
automatically produce structured and reproducible bug reports from the given summaries.
The overall procedure naturally proceeds through three stages: prompt construction, report
generation, and result evaluation.

Before generation, the input data are preprocessed according to a predefined CTQRS-
based structured template. The input summary includes the problem situation or key
symptoms reported by users, which the model converts into a format suitable for the
prompt. The prompt consists of seven sections: summary, reproduction steps, expected
result, actual result, environment information, evidence, and additional information. Con-
straints are applied to ensure that each section is included. This structured template guides
the model to produce systematic and consistent reports rather than free-form text.

In the report generation stage, the trained policy model creates documents aligned with
the CTQRS standard. A deterministic decoding strategy is used to ensure that identical
inputs always produce identical outputs. Probabilistic sampling is excluded, and the
temperature parameter is fixed at zero to eliminate randomness. These settings minimize
stochastic variation, securing reproducibility and comparability of results. The model is
trained to maintain logical coherence across sections, allowing the symptoms described in
the summary to connect naturally with the actual results and environmental context.

The generated reports are automatically validated using CTQRS, ROUGE, and SBERT
metrics to evaluate both structural completeness and semantic consistency. CTQRS mea-
sures the presence of required elements and reproducibility, ROUGE assesses lexical simi-
larity with reference reports, and SBERT evaluates semantic alignment. These evaluation
results serve as quantitative evidence of output quality and can be used as feedback for
further refinement if necessary.

This generation process goes beyond simple text creation. It implements an automated
documentation procedure capable of self-assessment according to predefined quality stan-
dards. The model transforms the input summary into a structured report based on the
internalized policy and verifies whether the generated content meets the quality metrics,
achieving autonomous document generation. Consequently, the proposed bug report
generation process functions as a systematic procedure that consistently produces reports
with reproducibility, structural coherence, and semantic reliability.

5. Experiments
5.1. Experimental Setup

The experiments were conducted to verify the effectiveness and stability of the pro-
posed CTQRS-based reinforcement learning framework. All experiments were performed
using the Qwen2.5-7B-Instruct model [5]. Training and inference were carried out under
identical environments. The model performance was evaluated in terms of structural com-
pleteness, lexical fidelity, and semantic consistency. Three representative quality metrics
were used: CTQRS, ROUGE-1, and SBERT.

The training procedure consisted of two stages: supervised fine-tuning (SFT) and
reinforcement learning (RL). In the SFT stage, the model learned the fundamental structure
and expression rules of bug reports [14]. In the RL stage, the PPO algorithm [11] was
applied to optimize a reward function that integrated CTQRS, ROUGE, and SBERT. During
this phase, the model generated reports based on input summaries and updated its policy
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iteratively by receiving the evaluation scores as reward signals, leading to progressive
quality improvement.

After the reinforcement learning phase, an additional self-critic refinement stage was
introduced [13]. In this stage, the model re-input its own generated reports and revised
them by incorporating feedback from the EvaluationAgent, which computed the CTQRS,
ROUGE, and SBERT metrics. The number of refinement iterations was controlled by the
hyperparameter critic_iters, which was set to 1 in this study. Additional refinement auto-
matically stopped when the improvement in quality metrics became negligible (ACTQRS
< 0.01, ASBERT < 0.005). All refinement processes used deterministic decoding with
do_sample = False and max_new_tokens = 512 to ensure reproducible outputs across runs.

The training environment was based on Ubuntu 24.04 (WSL2). The hardware con-
figuration included an Intel Xeon Silver 4310 CPU, 128 GB of RAM, and dual NVIDIA
RTX 4090 GPUs (24 GB each). CUDA 12.6, PyTorch 2.5.1, Transformers 4.55.3 [37], and
Unsloth 2025.9.1 [38] were used. The learning rate was set to 2 x 1079, the batch size to 1,
the gradient accumulation steps to 8, and the number of epochs to 3. All experiments used
a fixed random seed of 42 to ensure consistent and reproducible results.

The dataset consisted of 3966 high-quality reports collected from Bugzilla, selected
from a total of 15,000 entries that achieved CTQRS scores of at least 14 [15]. The data
were divided into training, validation, and test sets at an 8:1:1 ratio. Each report contained
an input summary and a reference report. The dataset was normalized to reflect the
CTQRS-based template structure. Incomplete or duplicate reports were excluded.

The report generation process used a deterministic decoding strategy that excluded
probabilistic sampling. The temperature parameter was fixed at 0 so that identical inputs
always produced identical outputs. This configuration eliminated randomness and allowed
clear analysis of the effects of reinforcement learning and refinement.

The entire experiment consisted of four modular stages: model training, report genera-
tion, automatic evaluation, and result analysis. Each stage was implemented independently
to allow separate verification. This modular design ensured both training stability and
experimental reproducibility. It also enabled a systematic evaluation of the proposed
reinforcement learning framework’s ability to enhance the structural completeness and
semantic consistency of bug reports.

5.2. Dataset

This study constructed a training dataset based on real bug reports to perform re-
inforcement learning experiments for automatic bug report generation in open-source
software environments. The data were collected from the open-source bug tracking system
Bugzilla, where approximately 15,000 raw reports were gathered. After a multi-stage
refinement process, a total of 3966 high-quality reports were retained [15].

During data collection, only reports marked as “fixed” or “closed” were selected,
excluding those labeled “open” or “in progress.” Resolved reports typically include clear
descriptions of the issue’s cause, execution environment, and reproduction steps. Such
characteristics make them suitable for training models to learn the structural components
of bug reports. The collected data were then filtered sequentially using regular expression—
based screening followed by CTQRS automatic evaluation to reduce quality variation.

In the first stage, only reports containing all five essential sections—Summary, Steps
to Reproduce, Expected Behavior, Actual Behavior, and Additional Information—were
retained. Reports consisting solely of log outputs or code fragments were removed, along
with incomplete or duplicate entries. In the second stage, the CTQRS automatic evaluation
tool was applied, and only reports that achieved a score of 14 points or higher were selected.
This threshold was established based on previous research defining the characteristics of a
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“good-quality bug report” and serves as a quantitative criterion to ensure both structural
completeness and reproducibility.

To confirm data quality, 200 samples were manually reviewed by researchers. The
final dataset consisted of 3966 reports, divided into training, validation, and test sets in an
8:1:1 ratio. A fixed random seed was applied to maintain identical splits across repetitions,
ensuring reproducibility and comparability of experimental results.

The decision to exclude low-quality reports was made to ensure stable and consistent
training signals during reinforcement learning. Because the CTQRS-based reward function
quantitatively evaluates report completeness and reproducibility, including extremely
incomplete or noisy reports would lead to unstable or undefined reward values, hindering
policy convergence. High-quality reports were therefore used to establish reliable structural
and semantic standards that the model could internalize as quality priors. Future work will
extend this framework to include low-quality or unstructured reports as inputs, enabling
evaluation of the model’s ability to autonomously refine them into high-quality outputs
under CTQRS-guided learning.

To clarify, this study intentionally focused on training and validating the model using
high-quality reports (CTQRS > 14) to ensure stable reward computation and convergence
during reinforcement learning. Consequently, the model’s direct capability to enhance low-
quality or incomplete reports was not quantitatively evaluated in this version. Nevertheless,
the proposed CTQRS-guided reward and self-critic refinement mechanisms are inherently
designed to generalize to such cases, and future work will explicitly test this capability
using low-quality inputs to validate the model’s refinement performance.

Each data instance was formatted for model training in a standardized structure.
The input consisted of user-provided unstructured content (from the NEW_llama_output
column) reformatted as an Input Summary, and the output represented the fully structured
Reference Report (from the text column). All entries were preprocessed to conform to the
CTQRS template, enabling the model to learn consistent section structures within prompts.

This dataset design allows the model to learn from diverse real-world bug report
patterns and acquire the ability to transform unstructured inputs into well-organized
reports. Consequently, the dataset functions as a quantitative foundation for evaluating
not only sentence generation performance but also quality-oriented report generation
capability.

5.3. Evaluation Metrics

This study applied a multidimensional evaluation framework to objectively verify the
quality of generated bug reports. The framework encompasses structural completeness,
lexical fidelity, and semantic consistency. Four metrics were used: CTQRS, ROUGE-1 Recall,
ROUGE-1 F1, and SBERT similarity. Each metric quantitatively measures a distinct aspect
of report quality.

CTQORS [8] served as the primary indicator for assessing the structural integrity and
reproducibility of the reports. It assigns a score based on how thoroughly the essential
components are included. Seven elements are evaluated: Summary, Steps to Reproduce,
Expected Result, Actual Result, Environment Information, Evidence, and Additional In-
formation. The maximum score of 17 points was normalized to a range between 0 and
1. A higher value indicates that the report is more systematically organized and contains
sufficient information for defect reproduction.

ROUGE-1 Recall [9] measures how well the generated report includes the key vocab-
ulary found in the reference report. This metric evaluates lexical coverage, and higher
values indicate a stronger reflection of the main content in the reference report. However,
since Recall considers only the proportion of overlapping words, it can yield high scores
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even when unnecessary words are included. To address this limitation, ROUGE-1 F1 was
also measured.

ROUGE-1 F1 [9] represents the harmonic mean of Recall and Precision, reflecting both
lexical coverage and expression accuracy. It evaluates how precisely the generated text
includes the essential words while minimizing redundant or irrelevant content. A higher
F1 score indicates well-balanced expression and minimal verbosity or repetition.

SBERT similarity [12] was used to assess semantic consistency between reports. Both
the generated and reference reports were converted into sentence embeddings, and cosine
similarity was computed to determine whether they convey equivalent meanings despite
differences in wording. A higher score indicates that the generated report maintains the
semantic context of the reference report consistently.

These four metrics complement one another and collectively capture multiple dimen-
sions of report quality that a single measure cannot represent. CTQRS assesses structural
completeness, ROUGE metrics evaluate lexical fidelity and precision, and SBERT measures
semantic consistency. By combining these metrics, this study comprehensively verified
whether the generated reports exhibit structural completeness and semantic reliability
beyond simple text generation.

5.4. Baseline and Research Questions

The experimental design in this study compared three training configurations to verify
the progressive improvement of bug report generation models. The first configuration
was supervised fine-tuning (SFT), where the model learned the structure and sentence
composition of bug reports using structured training data. The second configuration was
reinforcement learning (RL), which used the SFT-trained model as the initial policy and
applied a CTQRS-based reward function to directly learn structural completeness and
semantic consistency. The third configuration, combined training (SFT + RL), integrated
both approaches to reflect linguistic stability from supervised learning and quality aware-
ness acquired through reinforcement learning. These three configurations formed the
foundation of the experimental design for systematically comparing the influence of each
learning method on bug report quality.

The baseline model was a LoRA-based SFT model trained to imitate the format of
bug reports without incorporating quality metrics such as CTQRS or SBERT during train-
ing. This approach effectively reproduced document structure but did not quantitatively
improve the completeness or semantic coherence of reports. In contrast, the proposed
RL model optimized a multi-reward function that included CTQRS, ROUGE, and SBERT
metrics using the PPO algorithm. This allowed the model to directly target report quality as
its learning objective. The integrated model (SFT + RL) combined the quality optimization
capability of reinforcement learning with the stability of supervised training, ensuring both
structural consistency and quality-oriented learning effects.

It should be noted that the RL configuration was trained directly from the base LLM
without prior supervised fine-tuning. This setting was intentionally designed to evaluate
whether reinforcement learning alone can achieve structural and semantic improvements
without any SFT initialization. In contrast, the integrated SFT + RL configuration represents
the sequential pipeline combining both stages.

To compare these three learning configurations, the following research questions
were defined:

e  RQI. Can a reinforcement learning-based model improve structural completeness and
semantic consistency compared with a model trained only with supervised fine-tuning?
This question aims to verify whether reinforcement learning can achieve absolute
improvements in quality metrics such as CTQRS, ROUGE, and SBERT. It evaluates
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whether reward-driven learning contributes more effectively to bug report quality
enhancement than simple supervised learning.

e RQ2. Can the integrated model (SFT + RL) achieve a higher quality level than each
single training method?
This question examines whether the combined approach can utilize the advantages of
both individual methods, achieving both structural stability and quality consistency.

This comparative experiment provided a systematic analysis of the relationships
among the three training configurations and established empirical evidence that rein-
forcement learning serves as a key technique for improving the quality of automated bug
report generation.

5.5. Experimental Results

The experimental results of this study are presented in Table 1. The proposed rein-
forcement learning-based bug report generation model effectively improves structural
completeness and semantic consistency compared to the supervised learning baseline. The
entire training process proceeded sequentially, beginning with the supervised fine-tuning
(SFT) stage, followed by the reinforcement learning (RL) stage, and concluding with the
integrated refinement stage that combined both learning methods.

Table 1. Experimental Results of Each Training Phase.

CTQRS SBERT ROUGE-1

Training Phase Loss Reward Score Similarity Recall Description
The model learned the formal
SFT (Supervised structure of bug reports and converged
P 19—-13 - 0.46 0.68 0.52 stably, although some entries

Fine-Tuning)

remained missing and minor semantic
inconsistencies were observed.

RL (Reinforcement
Learning)

Applying the CTQRS-based reward
function improved both structural

- 0.42 — 0.63 0.72 0.84 0.61 completeness and semantic
consistency, and the PPO algorithm

showed stable convergence.

Refine (Integrated SFT + RL)

Integrating SFT and RL enhanced
~0.65 structural integrity and expressive
- (Sta.ble) 0.76 0.85 0.63 precision simultaneously, achieving
the highest performance in reward and
quality metrics.

In this context, “RL (Reinforcement Learning)” in Table 1 refers to direct RL training
starting from the base LLM without any prior SFT. This configuration was included to ex-
amine whether quality-driven optimization alone could replace structural learning through
supervised fine-tuning.

In the initial SFT stage, the model learned the formal structure of bug reports and
achieved stable convergence. The training loss decreased from 1.9 to 1.3, and the model
successfully internalized the core section composition and sentence patterns of reports.
The CTQRS score averaged 0.46, and the SBERT similarity reached 0.68, indicating that the
basic structural format and contextual coherence were established. However, some reports
exhibited missing sections or incomplete semantic connections, showing that supervised
learning alone was insufficient to meet quality standards.

During the RL stage, the CTQRS-based reward function guided the model to directly
optimize structural completeness and semantic consistency. The reward value gradually
increased from 0.42 to 0.63, confirming that the PPO algorithm operated stably with
exponential moving average (EMA) convergence. In this stage, the CTQRS score rose to
0.72, the SBERT similarity reached 0.84, and the ROUGE-1 recall also improved overall.
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Through reinforcement learning, the model advanced beyond reproducing report formats
and learned policies that improved quality based on evaluation metrics.

In the final integrated refinement stage, the outcomes of SFT and RL were combined
to enhance both stability and fine-grained expression. The reward value remained sta-
ble at approximately 0.65. The CTQRS and SBERT scores achieved peak performances
of 0.76 and 0.85, respectively. Logical connections between sections and conciseness of
expression improved compared to earlier stages, resulting in a balanced and coherent
report structure. The length reward and repetition penalty functioned properly, preventing
excessive verbosity or redundancy in generated texts.

These results confirm the first research question (RQ1): reinforcement learning sub-
stantially improves the structural quality and semantic coherence of reports compared to
pure supervised learning. Through reinforcement learning, the model internalized quality
metrics and autonomously adjusted report completeness and consistency using reward
signals. The findings also address the second research question (RQ2): the integrated
model that combines supervised and reinforcement learning achieves higher quality than
either single learning method. The linguistic stability of SFT and the quality-oriented
optimization of RL complemented each other, enhancing both structural completeness and
semantic consistency.

Across all training stages, the reward gradients converged stably, and no model
collapse or reward explosion occurred. The CTQRS score increased from 0.46 to 0.76, and
the SBERT similarity improved from 0.68 to 0.85, demonstrating that the model enhanced
both structural quality and semantic reliability. These outcomes empirically verify that
the proposed CTQRS-based reinforcement learning framework effectively improves the
quality of automated bug report generation while ensuring structural stability and semantic
coherence. As summarized visually in Figure 1, the three-stage training (SFT, RL, and
Refinement) demonstrates progressive improvements in both structural and semantic
metrics. The CTQRS score rises from 0.46 to 0.72 and finally 0.76, while SBERT similarity
increases from 0.68 to 0.85, confirming that each training phase contributes cumulatively to
report quality.

6. Discussion
6.1. Analysis of Experimental Results

The analysis of experimental results focused on the performance differences across model
training structures and the impact of each stage on report quality. The core objective was to
compare how three models, namely Supervised Fine-Tuning (SFT), Reinforcement Learning
(RL), and Integrated Training (SFT + RL), affected the quality of bug report generation.

The SFT stage was effective in learning the basic structure of reports. The model
reproduced the structural format of the CTQRS-based template, and the loss value de-
creased steadily from 1.9 to 1.3. This indicates that the model successfully learned the
overall framework of the document and the inclusion of essential elements. However, while
structural consistency was achieved, the logical connection between items and contextual
meaning remained limited. In particular, comparisons between the “Expected Behavior”
and “Actual Behavior” sections were often unclear, and the “Environment” section lacked
sufficient specificity. Quantitatively, the CTQRS score was 0.46 and the SBERT similarity
was 0.68, confirming that the model learned the basic structure but had limitations in
semantic coherence.

The RL stage addressed these limitations more effectively. By applying a reward
function that combined CTQRS, ROUGE, and SBERT metrics under the PPO algorithm, the
model advanced beyond simple format reproduction and began quality-oriented learning
aligned with evaluation criteria. The reward value increased steadily from 0.42 to 0.63,
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showing stable convergence through exponential moving average (EMA) smoothing. The
CTQRS score rose to 0.72, and the SBERT similarity reached 0.84. These results show that
RL improved both structural completeness and semantic consistency. Reports generated
after RL displayed clearer procedural descriptions in the “Steps to Reproduce” section
and more direct, explicit comparisons in “Expected—Actual” expressions. The balance
between length reward and repetition penalty reduced verbosity, resulting in concise and
information-dense outputs.

The integrated SFT + RL model combined the stability of supervised learning with
the quality improvements of reinforcement learning. It achieved the highest performance
among the three approaches, with CTQRS of 0.76 and SBERT of 0.85. The grammatical
stability and structural reproduction acquired during SFT synergized with the reward-
driven optimization of RL, strengthening both the precision of expressions and the semantic
connections between sections. The “Environment” section contained more specific details
such as operating system, network, and version information, while the “Evidence” section
more naturally included examples like logs, file paths, and screenshots. This indicates
that the model internalized contextual patterns of real-world defect reports beyond mere
structural learning.

Quantitative results further supported this trend. The CTQRS score improved by
approximately 65% compared with SFT, and SBERT increased by about 25%. ROUGE-1
recall also rose, indicating broader lexical coverage, and the stable F1 score of around
0.61 showed a balanced relationship between precision and recall. These findings suggest
that the model did not simply generate longer outputs but learned to retain essential
information efficiently while minimizing redundant expressions.

Throughout training, the reward gradients converged stably, and neither reward explo-
sion nor policy collapse was observed. PPO’s policy clipping prevented excessive updates,
and EMA-based reward tracking reduced reward amplitude fluctuations. As a result, the
reward distribution remained stable in later training stages, indicating convergence toward
consistent improvement rather than unstable exploration.

Reinforcement learning internalized quality awareness within the model, which super-
vised learning alone could not provide. The integrated SFT + RL framework combined this
quality awareness with structural stability, resulting in the generation of the highest-quality
bug reports. The findings indicate an evolution toward an autonomous generation model
capable of self-assessing and refining report structure and semantics based on quantitative
quality metrics rather than simple text generation.

The proposed CTQRS-based reinforcement learning framework enhanced both struc-
tural completeness and semantic coherence by directly learning and internalizing quality
evaluation criteria. The results empirically show that reinforcement learning can serve as a
key method for quality-driven software documentation, extending beyond conventional
language model improvements.

The RL-only configuration improved report quality compared with the SFT-only
baseline but exhibited instability in structural alignment. This confirms that reinforcement
learning can enhance quality metrics but still requires structural priors from supervised
training to achieve fully coherent outputs.

In addition, a preliminary configuration combining only SFT and refinement without
RL produced results nearly identical to the SFT baseline, indicating that reward-driven
optimization is indispensable for further quality improvement.

6.2. Threats to Validity

This study showed that the CTQRS-based reinforcement learning framework can
enhance the quality of bug report generation. However, several potential threats to the
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reliability and generalizability of the results may exist in the design and interpretation
of the experiments. These threats relate to dataset composition, reward function design,
evaluation metrics, training stability, and applicability scope. A multifaceted examination
of these factors is essential for assessing the validity of the findings.

From the perspective of dataset composition, this study used 3966 reports that achieved
a CTQRS score of 14 or higher out of approximately 15,000 reports collected from Bugzilla.
This filtering step was intended to ensure high-quality training data, but it inevitably
reduced dataset diversity. Bug report quality varies widely depending on the author’s
expertise, project domain, and linguistic expression. The dataset used in this study con-
tained reports that were relatively complete and well-structured. As a result, the model’s
ability to generalize to incomplete or unstructured reports may not have been sufficiently
verified. The train, validation, and test sets were divided with a fixed random seed to
ensure reproducibility, yet a single-seed configuration cannot fully eliminate accidental
bias in data distribution.

The design of the reward function may also influence the construct validity of the re-
sults. The reward signal was calculated as a weighted sum of CTQRS, ROUGE, and SBERT
scores, and the weights were determined empirically. Such settings directly affect the direc-
tion of policy learning. If one metric receives excessive weight, the model may overfit to that
aspect at the expense of others. For instance, a high CTQRS weight can improve structural
completeness but may reduce semantic diversity and flexibility of expression. Conversely,
emphasizing SBERT may enhance semantic similarity while weakening structural consis-
tency. Because reward sensitivity critically affects reinforcement learning outcomes, future
work should systematically explore different weight configurations to identify a balanced
reward structure.

Nevertheless, the chosen configuration (0.55, 0.25, 0.20) was empirically validated
through sensitivity analysis, which showed that moderate variations in each weight (£0.05)
did not significantly affect convergence trends or qualitative performance. This indicates
that the reward function is not overfitted to a specific parameter setting and remains robust
under small perturbations.

The limitations of the evaluation metrics further affect the reliability of interpretation.
The CTQRS, ROUGE, and SBERT metrics used in this study offer automated assessments of
structural completeness, lexical fidelity, and semantic coherence. Although these measures
are useful for quantifying report quality, they do not fully capture practical usefulness.
CTQRS evaluates the presence of required elements but does not assess logical coherence
or technical correctness among them. ROUGE relies on token-level overlap and does not
reflect contextual appropriateness, while SBERT’s semantic similarity accuracy depends
on the underlying embedding model. To address these shortcomings, human evaluation
based on actual developer usage or task-oriented indicators such as defect reproduction
time and fixing efficiency should be incorporated in future work.

Training stability in the reinforcement learning process is another potential source
of threat. PPO generally provides stable learning, yet when the reward distribution is
unbalanced or the learning rate is too low, policy updates may become insufficient. This
study adopted an exponential moving average (EMA) to smooth abrupt fluctuations in
rewards, but this approach may also dilute subtle quality differences. As a result, the model
may fail to capture minor stylistic or semantic refinements even when generating high-
quality reports. The balance between training stability and expressive precision remains a
key issue for further optimization.

The external validity of the results is also limited. The experiments were conducted
primarily on English-language open-source bug reports, so equivalent performance cannot
be assumed for other languages or commercial software environments. Enterprise issue
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tracking systems such as Jira and GitHub Issues follow distinct reporting structures and
conventions, and quality standards differ across projects. These environmental variations
can significantly affect model behavior, and the CTQRS-based reward mechanism may not
function uniformly across all domains.

This study showed the feasibility of reinforcement learning for generating bug reports.
Factors such as dataset diversity, reward weight configuration, reliance on automated
evaluation, detailed tuning of reinforcement learning, and domain generalization introduce
uncertainty in interpreting the results. These factors represent opportunities for refinement
and expansion rather than limitations. Building more diverse datasets, incorporating
human-centered evaluation methods, optimizing multi-objective reward structures, and
improving algorithms for learning stability would strengthen both the practical applicability
and general validity of the proposed framework.

7. Conclusions

This study proposes a reinforcement learning (RL) framework based on CTQRS to
automatically generate reliable and structurally complete bug reports using open-source
large language models (LLMs). Previous models for bug report generation failed to address
both structural incompleteness and semantic inconsistency simultaneously. To overcome
this limitation, the proposed framework directly integrates CTQRS metrics into the reward
system, enabling the model to learn both structural completeness and semantic coherence
of reports. The framework follows a multi-stage learning process combining supervised
fine-tuning (SFT), reinforcement learning, and critic-based refinement. In the SFT stage, the
model learns the basic format and sentence structure of reports. During the reinforcement
learning stage, the PPO algorithm optimizes the CTQRS-centered reward function. Stability
is further enhanced through an exponential moving average (EMA) of rewards and a
self-critic refinement process, ensuring convergence stability and consistency in outcomes.
This integrated approach improves both structural completeness and semantic accuracy of
generated reports, achieving significant performance gains in CTQRS and SBERT metrics.
Experimental results show that the proposed RL-based model substantially enhances adher-
ence to structural rules and contextual coherence compared with conventional supervised
models, improving the reliability and practicality of quality assurance (QA) document
automation. The findings show the potential of evolving from a simple natural language
generation model to a self-improving generation system that evaluates and adjusts its out-
puts using quantitative quality metrics. Future work will focus on refining the sensitivity
of individual CTQRS components through critic iteration tuning and parameter decom-
position, as well as applying the proposed framework to domain-specific datasets such
as security vulnerability reports and embedded system log analysis. Moreover, the study
plans to extend the reward mechanism by combining automated evaluation with expert
quality feedback, advancing toward a human-guided reinforcement learning paradigm
that strengthens reliability and interpretability.
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