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ABSTRACT

This research explores the transformative potential of generative
Al in software development. Generative Al is revolutionizing the
field by offering capabilities to automatically generate, refactor, and
test code. Through the use of action research, new methods and
tools based on generative Al models are studied and developed.
The initial focus is on the models’ ability to comprehend high-
level design concepts. Subsequently, the research moves into the
augmented generation of software artifacts. Finally, organization-
specific or task-specific methods are introduced to enhance software
developers’ productivity and experience.
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1 INTRODUCTION

The integration of Artificial Intelligence (AI) in software develop-
ment is ushering in a new era of automation and efficiency. Recent
advancements in generative Al have demonstrated significant po-
tential in transforming various aspects of software development,
from code generation and refactoring to automated testing.
Recent surveys [4, 6] explore various applications of Large Lan-
guage Models (LLMs) in software engineering activities and identify
current stages and remaining challenges by analyzing separate soft-
ware development activities without focusing on processes covering
multiple activities. Most research concentrates on specific stages,
such as requirement generation [11], code generation [18], and test-
ing [19]. This research aims to focus on the entire software design
and development process rather than treating development activi-
ties as isolated events. Current Machine Learning (ML) solutions
are typically applied after code compilation or submission, which
delays feedback for developers. According to developers’ feedback,
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there is a preference for receiving insights and advice at the earliest
possible stage [7]. Therefore, this study also intends to examine the
current state of development suggestions powered by generative Al
and LLMs, with the goal of providing early-stage or even runtime
suggestions to developers.

The initial step involves thoroughly examining the capabilities of
current LLMs to identify relevant procedures, encompassing a range
of activities. Continuous Integration and Continuous Deployment
(CI/CD) pipelines automate various stages of the software develop-
ment lifecycle, including code building, testing, deployment, and
delivery [21]. Despite their widespread use, there has been limited
research on leveraging LLMs to enhance CI/CD pipelines. Addition-
ally, by studying CI jobs, we find it can be time-consuming, and
developers often seek expedited results from these pipelines [7].
The second phase of this project addresses this gap by focusing on
the CI/CD pipeline itself. This phase involves analyzing current
CI/CD processes and investigating how LLMs can be utilized to
optimize and improve these workflows.

The procedures can be divided into identifying challenges, find-
ing solutions and generalization. We first conduct a case study
following established guidelines [14] to investigate the current
stage in several companies and identify common problems and
areas where LLMs can be beneficial. We then provide a proposal
and evaluate it to find an efficient solution. The current research
focuses on finding possible errors during the whole development
cycle. One major challenge we aim to address during Phase 1 was
the lack of detailed analysis or suggestions after code submission,
as developers only received results from the CI jobs. This made
debugging a time-consuming task for developers. To resolve this,
we intend to provide a solution that includes both log analysis and
potential fixes.

Another challenge to be tackled during Phase 2 is that the cur-
rent CI/CD pipeline contains numerous jobs, causing minor code
changes to take hours, especially if failures occur in the final stages.
To address this, we plan to build on our previous work and provide
a more efficient solution to predict problems before submission.
Following this, during Phase 3, instead of offering pre-commit pre-
dictions, we aim to provide real-time suggestions to developers.

This research begins with analyzing logs and identifying related
issues to locate root causes and corresponding code. By shifting
from post-commit to pre-commit analysis, we aim to shorten the
development cycle by predicting potential failure points and sug-
gesting solutions before code submission.

Asillustrated in Figure 1, the ultimate goal is to develop a runtime
plugin for development tools or CI/CD software that can offer
real-time machine learning suggestions during the development
process. By using this framework, companies can utilize and update
customized models, and developers can use and evaluate the ML
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How LLMs handle code
and natural language
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Phase 3: Line Level suggestion
Predict problems & provide hints
while developers are working

Phase 2: Pre-Commit
Predict problems

Phase 1: Post-Commit
Identify problems
& Provide solutions

Stage 2: LLM for Software Design

Figure 1: Research Plan: LLMs for Improving Software Design and Developer Experience

suggestions. Consequently, researchers can use this feedback as
part of the evaluation data.

The fourth stage focuses on generalizing this framework to
other processes. Specifically, we aim to enhance the post-test phase
by improving test log analysis and re-usage. This includes auto-
suggesting relevant logs when writing test cases as well as simu-
lating new maintenance scenarios. Hundreds of logs are generated
daily, including test-related and maintenance-related logs. These
logs are valuable for future testing, simulation, and maintenance.
We aim to provide runtime suggestions for log analysis, classifica-
tion, and future usage. Our goal is to identify commonalities and
differences in log analysis to meet various expectations and address
related problems.

By the end of this project, the contributions are expected to be
as follows:

e Enhanced Log Analysis and Reusability: This project
aims to advance the analysis and utilization of logs gener-
ated during software development and testing. By imple-
menting real-time log analysis and auto-suggestion features,
the research seeks to improve the post-test phase and pro-
vide actionable insights for future testing, simulation, and
maintenance activities.

Development of a Real-Time Feedback Framework: A
primary outcome will be the development of a runtime plu-
gin for development tools or CI/CD software that provides
real-time machine learning suggestions. This framework is
designed to deliver prompt feedback and solutions based
on log analysis, thereby facilitating more efficient problem
resolution and optimizing the development workflow.
Refinement of User Experience: The project aims to inte-
grate LLMs throughout the software development lifecycle
to offer early-stage or real-time insights. This integration
seeks to address limitations of traditional machine learning
approaches that are typically applied after code submission,
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thereby potentially improving the efficiency and experience
of developers.

2 RELATED WORKS

As LLMs have evolved in recent years, both the technologies and
the sizes of the models have advanced significantly. Transitioning
from neural networks to transformers, and from millions of param-
eters to billions, LLMs have demonstrated their capabilities across
many fields. Various aspects of software engineering have been
transformed by the rapid development of LLMs and generative
models.

2.1 Large Language Models (LLMs)

LLMs refer to models trained on vast amounts of data, enabling
them to understand and classify or generate human-like text. The
introduction of the transformer [17] mechanism and pretrain tech-
nology have significantly enhanced the capabilities of LLMs [8],
prompting more researchers to explore their potential applications
in the field of software engineering.

Based on their architecture, LLMs can be categorized into three
general types: encoder-only, decoder-only, and encoder-decoder
models. Each category has distinct characteristics and applications:

Encoder-only models: These models, such as BERT [3] and its
variations, consist solely of the encoder component, which maps
input sequences to low-dimensional representations. They excel in
understanding the context of the text by encoding input sequences
into fixed representations.

Decoder-only models: Models like GPT [1] and LLaMA [16] fall
into this category. They comprise only the decoder component and
are designed to generate coherent text token by token by predicting
the next word in a sequence.

Encoder-decoder models: Examples include T5 [12] and BART [10].
These models integrate both encoder and decoder architectures,
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combining their strengths to make them versatile for a range of
tasks.

2.2 LLM:s for Software Engineering

After 2017, there has been a surge in papers on LLMs, and since
2019, extensive research has focused on LLMs and their applications
in software engineering [4]. In 2021, GitHub Copilot, powered by
OpenAl’s CodeX [2], based on the GPT-3 [1] model and fine-tuned
for programming languages, significantly advanced the use of LLMs
in programming. Subsequently, more research has aimed to improve
code-based language models.

Researchers have discovered that LLMs can be utilized not only
for programming but also in various other aspects of software
development, such as requirement engineering, design, comment
generation, and software testing.

Code generation is a major area in software engineering that
can benefit from LLMs. These models can generate corresponding
code from a natural language description. Models like Codex [2],
CodeBERT [5], GPT-3 [1], Code LLaMA [13], and CodeT5 [20] have
demonstrated their abilities in this domain. These models can also
be fine-tuned for tasks like translating programming languages,
classifying programming languages, detecting code clones, and
generating test cases.

Additionally, research has explored models’ abilities to under-
stand code, performing tasks such as code summarization and code
comment generation. These models can comprehend the given code
and produce corresponding text.

Another significant application is generating software-related
text, such as requirements, which is traditionally a time-consuming
task. Using LLMs can streamline and improve this process.

3 METHODOLOGY

To integrate LLMs into the company’s software development pro-
cess, we propose to utilize the Model-Driven Architecture (MDA)
methodology. MDA is software development method that grounded
in established standards, such as the Unified Modeling Language
(UML), and uses models as primary artifacts throughout the de-
velopment lifecycle, which can be highly beneficial for designing,
developing, and maintaining ML systems [9].

The MDA development process comprises three major steps that
includes, creating a Platform-Independent Model (PIM), transform-
ing it into a Platform-Specific Model (PSM), and finally generating
executable code [9]. This methodology emphasizes the transfor-
mation from PIM to PSM, facilitating a clear delineation between
system design and implementation details.

In our research, we aim to provide organization-specific or task-
specific solutions tailored to different company contexts, as well
as a framework capable of generalizing these solutions for broader
application in the software industry. To achieve this, as depicted
in Figure 2, we plan to first design a PIM based on the domain, fol-
lowed by PSMs that reflect the specific settings and requirements
of different companies. Subsequently, we intend to refine the initial
PIM based on feedback from the PSMs, thus establishing a standard-
ized architectural framework that can be used in future projects.
This iterative loop not only bridges all PSMs but also allows for
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Figure 2: MDA Workflow(Image Adapted From [9])

continuous improvement and refinement of the PIM, ensuring it
remains relevant and adaptable.

For each stage, the procedures can be divided into identifying
challenges, finding solutions, and generalization. As mentioned
earlier, we will first conduct case study research following the
guidelines proposed by Runeson et al. [14] to identify common
problems and challenges worth noting. Each time, we will start
with a specific challenge identified within one company. To provide
organization-specific or team-specific methods, we will employ
action research [15], a collaborative approach involving both re-
searchers and practitioners. This approach is known for its iterative
process and one iteration includes five steps. The corresponding
activities are outlined in Table 1. For each topic, we will iterate until
we reach a conclusive solution. We will then attempt to generalize
the solution to validate its applicability across different company
settings.

4 EVALUATION

To evaluate the PSMs, computational experiments will be conducted
to pre-process the data and assess the model design and training
process. This includes fine-tuning the models and comparing their
performance against other proposed models, thereby providing a
quantitative evaluation of the proposed architecture. These eval-
uations will be performed during the action research iterations,
facilitating iterative refinement and validation.

For the PIMs, a combination of qualitative methods will be em-
ployed, such as surveys and interviews with developers and users
from the collaborating companies. This approach aims to gather
feedback on the system’s usability and effectiveness.

The MDA methodology will be adapted to the development of
a ML system, and the action research method will be employed
to iteratively refine the solution within an industrial setting. Both
qualitative and quantitative methods will be utilized to evaluate
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Table 1: Action Research Activities

Diagnosing Identifying the problem in the industry. For
each topic, it should be more than one cy-
cles to revise the problem and address new
problem.

Action . .

. Define an action plan outlining research

Planning . .
goals, deliverables, and necessary actions.

?:ltll(r); Conducting the experiments based on the
action plan and making necessary changes.

Evaluation Evaluating the methodology proposed. Con-
cluding if the evaluation is enough, other-
wise make new diagnosis.

Learning By generalizing the framework across dif-

ferent companies, we learn the commodities
and differences of the task and correspond-
ing Al-based solutions and their efficiencies.

the models and system architectures. Computational experiments
will be conducted to design, develop, and quantitatively assess
the performance of the models. Experimental validation will be
performed to test the effectiveness of the proposed solutions and
collect relevant data for analysis. Additionally, questionnaires and
surveys will be administered to gather qualitative feedback from
users and developers, ensuring a comprehensive evaluation of the
system from multiple perspectives.

5 PROGRESS AND FUTURE WORK

Currently, we have completed the first stage, which involves evalu-
ating the extent to which the naturalness hypothesis holds when
using LLMs. Our results indicate that the capability of these models
to recognize programming languages and tasks improves with their
size.

The next phase of our research will focus on investigating the
CI/CD workflows in collaborating companies to identify common
patterns and differences. We aim to discover more areas where gen-
erative Al can enhance efficiency. Additionally, we are addressing
a known challenge from our partner companies: predicting CI/CD
processes to reduce potential failures and shorten the waiting time
when developers submit code.

In parallel, we will explore ways to improve the use of test data,
including test log data and test environment simulation. Our goal
is to provide generative Al-based solutions to collaborating compa-
nies, helping them mitigate their current problems.
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