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ABSTRACT

Automating Microservice Development using Large Language Models

Conor Kotwasinski

This thesis explores the use of large language models (LLMs) to automatically generate

code for microservices, enabling the creation of larger scale software projects through

high-level orchestration. By leveraging the capabilities of LLMs to understand natural

language descriptions and generate appropriate code, this approach has the potential

to significantly improve developer productivity and reduce the complexity of building

distributed systems. This work aims to shed light on the feasibility and benefits of LLM-

driven microservice development, an important yet under-explored area at the intersection

of artificial intelligence and software engineering.
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CHAPTER 1

Introduction

1.1. Problem Statement

Developing large-scale software systems using microservices architecture can be com-

plex and time-consuming, requiring significant effort in designing, implementing, and in-

tegrating individual services. This complexity often leads to increased development costs,

longer time-to-market, and potential inconsistencies across the system.

1.2. Significance of the Problem

Addressing the challenges in microservice development is crucial for enabling the rapid

creation of scalable, maintainable, and evolvable software systems. Improved approaches

to microservice development can lead to increased productivity, reduced costs, and faster

innovation in various domains, including web applications, enterprise systems, and cloud-

native architectures.

1.3. Microservices Architecture

1.3.1. Definition and Principles

Microservices architecture is an approach to designing software systems as a collection

of small, independently deployable services that communicate through well-defined APIs.

Each microservice focuses on a specific business capability and can be developed, deployed,

and scaled independently [59, 19].
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Figure 1.1. Microservice Architecture demonstrating the interaction be-
tween services [54].

1.3.2. Benefits of Microservices

Microservices offer several benefits, such as:

• Modularity and flexibility: Services can be developed and updated independently,

allowing for faster iteration and adaptation to changing requirements [19].

• Scalability: Individual services can be scaled based on their specific resource

needs, enabling efficient resource allocation [19].
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• Technology heterogeneity: Microservices can be implemented using different pro-

gramming languages, frameworks, and technologies, allowing teams to choose the

best tools for each service [59].

• Fault isolation: Failures in one service can be isolated, preventing cascading

failures across the entire system [59].

1.3.3. Challenges in Microservice Development

Despite the benefits, microservice development poses several challenges:

• Designing appropriate service boundaries and interfaces [59]

• Implementing consistent and interoperable services [71]

• Ensuring service discoverability and scalability [39]

• Managing complex inter-service dependencies and interactions [92]

• Monitoring and debugging distributed systems [92]

1.4. Leveraging Large Language Models for Microservice Development

This thesis proposes the use of large language models (LLMs) to address the challenges

in microservice development. LLMs, with their ability to understand and generate human-

like text, can be harnessed to automatically generate code for microservices based on

high-level descriptions and orchestration.

1.4.1. Potential Benefits

By leveraging LLMs for microservice development, we aim to achieve the following bene-

fits:
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• Improved code consistency: LLMs can generate code that adheres to best prac-

tices and coding standards, reducing inconsistencies across services [47].

1.4.2. Research Questions

This thesis aims to address the following research questions:

(1) How can LLMs be effectively utilized for generating code for microservices?

(2) What are the key challenges and limitations of LLM-driven microservice devel-

opment?

(3) How does the performance and quality of LLM-generated microservices compare

to manually developed ones?

(4) What are the best practices for integrating LLMs into the microservice develop-

ment workflow?

1.5. Related Work

1.5.1. Microservices Architecture and Development

Microservices architecture has gained significant attention in recent years due to its ben-

efits in terms of modularity, scalability, and flexibility [59, 19]. Several studies have

explored the challenges and best practices in microservice development, including service

decomposition [89, 53, 77], and inter-service communication [71].
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1.5.2. Large Language Models and Code Generation

Large language models, such as GPT-3 [9], Codex [13], and PaLM [15], have demonstrated

impressive capabilities in natural language understanding and generation. These mod-

els have been applied to various tasks, including code generation [13, 47], and program

synthesis [3].

1.5.3. Tools and Libraries

This thesis leverages several existing tools and libraries to support the proposed method-

ology. claude-3-opus-20240229 [38], an AI assistant developed by Anthropic, is used as the

primary LLM for code generation and analysis. Consul [17], a distributed service discovery

and configuration tool, is employed to facilitate service discovery and orchestration among

the generated microservices. The methodology also utilizes programming languages such

as Python and frameworks like Flask [29] for implementing the microservices and testing

scripts.

1.6. Thesis Overview

This thesis proposes a novel approach to microservice development using large lan-

guage models (LLMs) to automatically generate code based on high-level descriptions and

orchestration. By leveraging the powerful language understanding and generation capa-

bilities of LLMs, this approach aims to simplify the development process, improve code

consistency, and enable faster iteration. The thesis will explore the feasibility, benefits,

and challenges of this approach through a combination of theoretical analysis, experimen-

tal evaluation, and case studies. The thesis is organized as follows:
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• Chapter 2 provides a comprehensive background on microservices architecture,

large language models, code generation techniques, and related work in AI-

assisted microservice development.

• Chapter 3 presents the proposed methodology, including the design decisions,

experiment setup, and evaluation metrics. It also discusses the tools and libraries

used in the implementation.

• Chapter 4 describes the experimental evaluation of the methodology, including

the dataset, results, and analysis. It compares the performance and quality of

LLM-generated microservices against manually developed ones.

• Chapter 5 showcases case studies that demonstrate the practical application of

the methodology in different domains and scenarios.

• Chapter 6 concludes the thesis by summarizing the key findings, discussing the

limitations and future work, and highlighting the potential impact of LLM-driven

microservice development on software engineering practices.
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CHAPTER 2

Background and Related Work

2.1. Microservices Architecture

Microservices architecture (µService) is an approach to designing software systems as

a collection of small, independently deployable services that communicate through well-

defined APIs [59]. Each microservice focuses on a specific business capability and can be

developed, deployed, and scaled independently.

The principles of microservices architecture are based on three Unix ideas [57]:

• A program should fulfill only one task, and do it well.

• Programs should be able to work together.

• Programs should use a universal interface.

These ideas lead to a reusable component design, supporting modularization. The major

point is that services are brought to production independently of each other, which is

one of the main differences with most Service-Oriented Architecture (SOA) solutions [65].

Microservices architecture offers several benefits [19, 59]:

• Modularity and flexibility: Services can be developed and updated independently,

allowing for faster iteration and adaptation to changing requirements.

• Scalability: Individual services can be scaled based on their specific resource

needs, enabling efficient resource allocation.
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• Technology heterogeneity: Microservices can be implemented using different pro-

gramming languages, frameworks, and technologies, allowing teams to choose the

best tools for each service.

• Fault isolation: Failures in one service can be isolated, preventing cascading

failures across the entire system.

However, microservices architecture also presents challenges [39, 89]:

• Designing appropriate service boundaries and interfaces

• Implementing consistent and interoperable services

• Ensuring service discoverability and scalability

• Managing complex inter-service dependencies and interactions

• Monitoring and debugging distributed systems

Microservices architecture emphasizes lightweight virtual machines, implemented as con-

tainers (e.g., Docker) or individual processes [65]. This unbinds dependency on a specific

technology, enabling usage of a service-specific infrastructure. Each microservice main-

tains its own context and perspective over particular data, possibly leading to duplications

across services [57]. Unlike SOA, microservices do not have an integration component re-

sponsible for service orchestration and prefer choreography [65]. Business processes are

embedded in services, and there is no logic in the integration. Thus, microservices them-

selves are responsible for interaction with others. This provides limited flexibility to design

or adjust business processes across the company’s IT but allows for independent service

management and deployment. Microservices architecture fits well in the context of cloud

computing and is often referred to as cloud-native [39, 93]. The key features enabling this
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are the individual and automated service deployment, supporting system elasticity and

scalability [19].

2.2. Large Language Models

Large language models (LLMs) are an emerging class of AI models that contain hun-

dreds of billions or even trillions of parameters and are trained on massive amounts of

text data. Prominent examples of LLMs include GPT-3 [9], PaLM [15], Chinchilla [35],

and GPT-4 [85]. These models demonstrate remarkable capabilities in natural language

understanding, generation, reasoning, and even code synthesis.

A key advancement that has enabled LLMs is the scaling of model size, training

data, and compute [9, 41]. Scaling laws have been proposed that show how perfor-

mance improves predictably as these factors are increased [35, 41]. This has motivated

the development of ever larger models, with the latest GPT-4 model from OpenAI and

PaLM model from Google containing over 500 billion parameters [15, 85]. In addition to

model scale, LLMs are characterized by the emergence of new capabilities that are not

present in smaller models, such as in-context learning, instruction following, and step-by-

step reasoning [84]. These emergent abilities allow LLMs to perform tasks given only a

few demonstrations or examples, without requiring task-specific fine-tuning. LLMs have

shown impressive performance across a wide range of benchmarks testing knowledge, rea-

soning, language understanding and generation [33, 79, 74]. On coding tasks specifically,

models like OpenAI Codex [13] and DeepMind AlphaCode [47] have demonstrated the

ability to generate code solutions that pass difficult programming challenges with perfor-

mance competitive with human programmers.
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The advent of LLMs is revolutionizing the fields of natural language processing and

artificial intelligence more broadly. They provide a foundation for building AI systems

that can engage in open-ended dialogue, answer questions, write code, and assist with all

sorts of language-related tasks. Techniques for efficiently adapting LLMs to new tasks

and ensuring their safety and robustness are active areas of research [63, 4].

2.3. Code Generation with LLMs

There is a rich variety of benchmarks available to evaluate LLMs in code generation

tasks. Some commonly used benchmarks include HumanEval [13], DS-1000 [44], and

MBPP [3]. Existing work has explored various techniques for using LLMs in code gener-

ation. For instance, Codex [13] is a GPT-3 model fine-tuned on publicly available code

from GitHub, achieving strong performance on the HumanEval benchmark. Zhang et al.

[90] propose a novel Transformer decoding algorithm called Planning-Guided Transformer

Decoding (PG-TD) that uses a planning algorithm to guide the Transformer in generat-

ing better code. Their empirical evaluation shows that PG-TD generates programs with

higher pass rates compared to baseline methods.

Rozière et al. [67] introduced Code Llama, a series of LLMs specifically designed for

code generation. Code Llama models are built on the Llama 2 architecture and incor-

porate code data for pretraining. The authors provide extensive experimental evidence

showcasing Code Llama’s superior performance on code generation benchmarks like Hu-

manEval, MBPP, and APPS.

Evaluation methods for code generation with LLMs typically involve benchmarks that

assess the functional correctness of generated code. However, these benchmarks may not
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fully capture the model’s ability to generate code for specific domains or application

scenarios. For example, HumanEval focuses on synthesizing programs from docstrings,

while MBPP evaluates the model’s capability to fix bugs and performance issues in code

snippets.

When it comes to applying LLMs specifically to microservice development, there is a

notable gap in the literature. Existing work primarily focuses on general code generation

tasks and benchmarks, without considering the unique characteristics and requirements of

microservice architectures. Microservices involve distributed systems, inter-service com-

munication, and specific design patterns, which may require specialized evaluation metrics

and benchmarks. The PG-TD algorithm proposed by Zhang et al. [90] could potentially

be adapted to address the challenges of microservice code generation, but further research

is needed to validate its effectiveness in this domain.

To bridge this gap, future research should explore the development of LLMs tailored

for microservice code generation. This may involve fine-tuning LLMs on microservice-

specific codebases, incorporating domain knowledge about microservice architectures, and

designing evaluation benchmarks that assess the model’s ability to generate code adhering

to microservice best practices and patterns. Additionally, investigating techniques to

handle the context window limitations and enable LLMs to navigate complex microservice

codebases effectively would be valuable.

While code generation with LLMs has made significant progress, there are still limi-

tations and challenges to address. Applying LLMs to microservice development remains

an under-explored area, requiring further research to develop specialized models, tech-

niques, and evaluation methods that cater to the unique characteristics of microservice
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architectures. The work by Zhang et al. [90] on planning-guided code generation provides

a promising direction for future research in this domain.

2.4. Specialized Language Models for Code

As pretrained Transformers such as GPT and BERT achieved remarkable success in

natural language processing, such model architectures, learning paradigms, and training

objectives were soon adopted by the software engineering community to produce special-

ized models for code understanding and generation [37, 25, 48]. These specialized code

language models (Code LMs) can be categorized based on their architecture: encoder-only

models [40, 21, 31, 80], encoder-decoder models [82, 61, 11, 10, 83], decoder-only models

[76, 49, 60, 16, 91, 30, 18], UniLM [32], and diffusion models [70]. Recent advancements

in NLP, such as instruction tuning [50, 55, 83] and reinforcement learning [45, 69], have

also been applied to code processing, further enhancing the performance and adaptability

of Code LMs. These specialized models have demonstrated impressive results on various

code-related tasks, such as code completion, code translation, and code synthesis.

2.5. LLMs in Software Development

The integration of large language models (LLMs) into software development workflows

has opened up new possibilities for AI-assisted development. LLMs have been extended

with coding tools, such as interpreters [78, 68, 26, 14, 75], execution emulators, and in-

teractive code generation and refinement systems [81, 7, 12, 43, 51, 88]. These extensions

allow LLMs to provide more accurate and contextually relevant code suggestions and

assist developers in various stages of the development process. Moreover, LLMs have

been integrated into popular AI code assistants, such as GitHub Copilot, which offers
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features like code generation, vulnerability detection, and license management. IDEs like

CodeFuse [18] also leverage LLMs to provide code generation, translation, commenting,

and test case generation capabilities. As LLMs continue to advance, building applications

on top of them is becoming a crucial task. Open-source frameworks like LangChain, Au-

toGPT, and WorkGPT provide abstractions over language models for developers, actively

revolutionizing the entire software development process.

2.6. Context Windows in LLMs

Context windows play a crucial role in the ability of large language models (LLMs)

to generate coherent and contextually relevant code. The context window determines the

amount of input text that the model can attend to when generating a response. Larger

context windows allow LLMs to consider more information, enabling them to understand

and generate code that is consistent with the broader context of the programming task.

Recent advancements in LLMs have led to significant increases in context window sizes.

For example, GPT-3.5 started with a 4k token context window in November 2022, and

within a year, GPT-4 Turbo boasted a 128k token context window in November 2023,

representing a 32x increase [85]. This expansion of context windows has important impli-

cations for code generation tasks.

However, despite these improvements, the current context window sizes may still be

insufficient for many practical coding tasks, especially when dealing with large codebases.

This limitation makes it challenging for LLMs to effectively navigate and understand com-

plex codebases without additional techniques like retrieval augmented generation (RAG)

[46].
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Furthermore, as the input prompt approaches the maximum context window size,

the performance of LLMs may degrade. This observation highlights the need for careful

management of input prompts to ensure the model can effectively utilize the available

context.

Looking forward, significant increases in context window sizes (e.g., 100 million tokens)

could potentially enable LLMs to process entire codebases without the need for additional

techniques like RAG [66]. However, even with larger context windows, challenges related

to reasoning, instruction following, and avoiding hallucinations will likely persist and

require further research and development [52].

2.7. Retrieval Augmented Generation for Code LLMs

Retrieval augmented generation (RAG) is a promising approach to address the context

window limitations of LLMs in code generation tasks. RAG involves retrieving relevant

code snippets from an indexed codebase and injecting them into the input prompt, pro-

viding the LLM with additional context and information [46].

Several studies have demonstrated the effectiveness of RAG for code generation with

LLMs. Their method retrieves relevant code snippets from a large codebase and progres-

sively refines the generated code through multiple retrieval and generation stages. The

authors showed that this approach outperforms baseline methods and achieves state-of-

the-art performance on various code generation benchmarks.

RAG has also been applied to specific programming languages and domains. For

example, Phan et al. [72] developed JavaBERT, a BERT-based model for Java code

generation that incorporates retrieval augmentation. JavaBERT retrieves relevant code
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snippets from a large Java codebase and uses them to guide the generation process. The

authors showed that JavaBERT outperforms baseline methods and achieves state-of-the-

art results on Java code generation benchmarks.

While RAG has shown promising results for code generation with LLMs, there are

still challenges and limitations to consider. One challenge is the selection of relevant code

snippets from the indexed codebase. The quality and relevance of the retrieved snippets

directly impact the generated code’s quality and coherence. Various retrieval strategies

have been proposed, such as TF-IDF [46], dense vector retrieval [42], and learning-to-rank

[62], but finding the optimal retrieval method for a given task remains an open research

question.

Another challenge is the integration of retrieved code snippets into the generation

process. Simply concatenating the retrieved snippets to the input prompt may not always

lead to coherent and consistent generated code.

Moreover, the effectiveness of RAG for code generation may vary depending on the

specific programming language, domain, and task complexity. While RAG has shown

success in general-purpose programming languages like Python and Java, its applicability

to domain-specific languages or highly specialized codebases requires further investigation.

In the context of microservice development, RAG could potentially help LLMs navi-

gate and understand complex microservice codebases by retrieving relevant code snippets

related to inter-service communication, service discovery, and other microservice-specific

patterns. However, adapting RAG techniques to the unique characteristics and challenges

of microservice architectures remains an open research area.
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Future research directions in RAG for code generation with LLMs include developing

more sophisticated retrieval strategies that consider the semantic and structural simi-

larities between code snippets, exploring techniques for effective integration of retrieved

information into the generation process, and investigating the applicability of RAG to

various programming languages, domains, and task complexities, including microservice

development.

2.8. AI-Assisted Microservice Development

The application of AI techniques, particularly large language models (LLMs), to mi-

croservice development is an emerging area of research with significant potential. AI-

assisted microservice development aims to leverage the capabilities of LLMs to automate

and simplify various aspects of microservice design, implementation, and management.

Another area where AI can assist in microservice development is code generation. As

discussed in the previous sections, LLMs have shown impressive capabilities in generating

code snippets and even entire programs based on natural language descriptions. Applying

these code generation techniques to microservice development could significantly reduce

the development effort and improve productivity.

Despite the promising applications of AI in microservice development, there are several

challenges and considerations to address. One challenge is ensuring the quality, correct-

ness, and security of the AI-generated code and configurations. Rigorous testing, code

review, and validation mechanisms are necessary to mitigate potential risks and ensure

the reliability of AI-generated microservices.
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Another consideration is the integration of AI-generated microservices with existing

systems and infrastructures. Microservices often operate within a larger ecosystem, inter-

acting with other services, databases, and external APIs. Ensuring seamless integration

and compatibility of AI-generated microservices with the existing environment is crucial

for the overall system’s stability and performance [92]. Moreover, the explainability and

interpretability of AI-assisted microservice development processes are important factors to

consider. Developers and stakeholders should be able to understand the rationale behind

the AI-generated designs, code, and decisions. Techniques for explaining and visualizing

the AI models’ outputs and reasoning processes can enhance trust and facilitate effective

collaboration between humans and AI in microservice development [36, 28].

Ethical considerations also come into play when applying AI to microservice devel-

opment. AI models, including LLMs, can exhibit biases and generate outputs that may

have unintended consequences [6]. Ensuring fairness, transparency, and accountability in

AI-assisted microservice development is crucial to prevent potential harm and maintain

ethical standards [22].

Looking forward, the integration of AI techniques with traditional software engineering

practices and tools in microservice development presents exciting opportunities. Hybrid

approaches that combine the strengths of AI and human expertise can lead to more

efficient, reliable, and innovative microservice development processes [1].

Future research directions in AI-assisted microservice development include explor-

ing techniques for ensuring the quality and security of AI-generated code, developing

frameworks for seamless integration of AI-generated microservices with existing systems,
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advancing explainable AI methods for microservice development, and addressing ethical

considerations in AI-driven software engineering.

As AI technologies continue to evolve and mature, their impact on microservice de-

velopment is expected to grow. Leveraging the capabilities of AI, particularly LLMs,

has the potential to revolutionize the way microservices are designed, implemented, and

managed, enabling faster, more efficient, and more intelligent development processes.

However, realizing the full potential of AI in microservice development requires ongoing

research, collaboration between AI and software engineering communities, and careful

consideration of the associated challenges and ethical implications.

2.8.1. Narrative Cohesion in LLMs for Microservice Generation

Narrative cohesion plays a crucial role in ensuring the consistency and coherence of code

generated by LLMs for microservices. Future research should explore advanced techniques

for maintaining narrative cohesion, such as graph-based representation learning [86].

2.8.2. Consistency in Context for LLM-based Microservice Development

Consistency in context is crucial for the quality and functionality of LLM-generated mi-

croservices. Techniques like retrieval augmented generation (RAG) [46] have been pro-

posed to mitigate this limitation by retrieving relevant code snippets and incorporating

them into the generation process.
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2.8.3. Limitations of Code Llama for Microservice Development

While Code Llama [67] has demonstrated impressive performance in code generation

tasks, its applicability to microservice development requires further investigation. The

specific limitations of Code Llama in generating code for microservices, such as han-

dling inter-service communication and managing shared resources, need to be explored.

Comparative studies between Code Llama and other LLMs in the context of microser-

vice development can provide insights into its strengths and weaknesses. Additionally,

research should focus on adapting Code Llama’s architecture and training process to

better suit the unique requirements of microservice development, such as incorporating

microservice-specific patterns and best practices.

2.8.4. Evaluation Metrics for Microservice Code Generation

Evaluating the quality and functionality of LLM-generated microservices requires novel

metrics and benchmarks that consider the unique characteristics of microservice archi-

tectures [lu2023unified]. Existing code generation benchmarks, such as HumanEval

[13] and MBPP [3], may not fully capture the complexities of microservice development,

such as inter-service communication, fault tolerance, and scalability [73]. Developing a

comprehensive evaluation framework that assesses various aspects of microservice code

generation, such as functional correctness, performance, maintainability, and security,

is crucial for advancing research in this area [47]. Future work should focus on creating

standardized benchmarks and datasets specifically designed for evaluating LLM-generated

microservices.
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2.8.5. Integration of LLMs into Microservice Development Workflows

Integrating LLMs seamlessly into existing microservice development workflows and tools

is essential for their practical adoption [1]. Developing frameworks and methodologies

that facilitate the effective incorporation of LLM-based code generation into the devel-

opment process is crucial. Future research should explore the development of integrated

development environments (IDEs) and tools that support LLM-based microservice devel-

opment, enabling developers to leverage the power of LLMs while maintaining control

over the development process.

2.8.6. Integration of LLMs with Microservice Orchestration Frameworks

Integrating LLMs with popular microservice orchestration frameworks like Kubernetes ,

Docker Swarm [58], or Apache Mesos [34] can enable the automated deployment, scaling,

and management of LLM-generated microservices.

Research should focus on developing techniques and tools that facilitate the seamless

integration of LLMs with microservice orchestration frameworks.

2.8.7. Cross-Domain Capability and Transition from Non-Code to Code Con-

texts

The ability of LLMs to transition knowledge and skills from non-code domains to code

generation opens up new possibilities for microservice development. LLMs have demon-

strated impressive performance in various natural language processing tasks [8]. Inves-

tigating the cross-domain capabilities of LLMs and their potential to transition from
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non-code to code contexts is an important research direction. By leveraging the knowl-

edge and skills acquired from general language processing tasks, LLMs can potentially

generate more contextualized and semantically meaningful code for microservices [21].

Future research should explore techniques for effective knowledge transfer and adap-

tation from non-code to code contexts in LLMs. This may involve developing novel

architectures, training strategies, and transfer learning methods that can capture the

shared semantics and structures between natural language and programming languages

[87]. Additionally, investigating the potential of LLMs to generate code based on high-level

requirements, use cases, or user stories expressed in natural language can revolutionize the

way microservices are developed, enabling a more intuitive and accessible development

process [47].

The integration of large language models (LLMs) into microservice development presents

a promising avenue for enhancing productivity, quality, and innovation. However, realiz-

ing the full potential of LLMs in this domain requires addressing several challenges and

considerations. These include maintaining narrative cohesion across microservices, en-

suring consistency in context, adapting LLMs to the unique requirements of microservice

architectures, exploring the potential of LLMs beyond code generation, developing appro-

priate evaluation metrics, integrating LLMs into existing development workflows, ensuring

the security and reliability of generated microservices, seamlessly integrating LLMs with

orchestration frameworks, and leveraging cross-domain capabilities of LLMs. Future re-

search should focus on developing advanced techniques for narrative cohesion, context

management, and knowledge transfer in LLM-based microservice development. Adapt-

ing LLMs like Code Llama to the specific needs of microservices, creating standardized
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evaluation frameworks, and developing integrated tools that support LLM-based develop-

ment are also important research directions. Moreover, addressing security and reliability

concerns, exploring the integration of LLMs with orchestration frameworks, and investi-

gating the transition from non-code to code contexts are crucial for the practical adoption

of LLMs in microservice development.

As AI technologies continue to evolve, the synergy between LLMs and microservice

development is expected to grow, leading to more efficient, intelligent, and innovative soft-

ware engineering practices. However, realizing this potential requires ongoing research,

collaboration between the AI and software engineering communities, and careful consid-

eration of the associated challenges and ethical implications. By addressing these aspects,

the integration of LLMs into microservice development can pave the way for a new era

of AI-driven software engineering, revolutionizing the way complex software systems are

built and maintained.
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CHAPTER 3

Methodology

3.1. Overview

This thesis proposes a novel approach to microservice development using large lan-

guage models (LLMs) to automatically generate code based on high-level user stories.

The methodology, illustrated in Figure 3.1, involves decomposing the user story into indi-

vidual microservice descriptions using an LLM (claude-3-opus-20240229 [38]), generating

code for each microservice based on its description, creating a monolithic application that

fulfills the user story, developing test scripts to evaluate the functionality and correct-

ness of both the microservices and monolithic application, executing them in a controlled

environment, and analyzing the test results to assess the quality of the generated code.

The proposed methodology builds upon existing research in automated microservice

identification and decomposition [89, 53, 77], code generation with LLMs [13], and auto-

mated test generation [23, 2, 5]. It extends these techniques to the domain of microservice

development, leveraging the language understanding and generation capabilities of LLMs

to automate the entire process from user story to functional code. The methodology aims

to address the challenges and limitations identified in previous approaches, such as the

lack of comprehensive evaluation frameworks for microservice code generation [92] and

the need for specialized LLMs tailored for microservice development [24].
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Figure 3.1. Overview of the LLM-based microservice development methodology.

3.2. Distinguishing LLM-Generated and Manual Components

It is important to clearly distinguish between the components generated by the LLMs

and those created manually or programmatically in the experimental framework. Figure

3.2 provides an overview of this distinction.
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Figure 3.2. This diagram illustrates how tasks are distributed between
LLM-generated components (left) and manual or programmatic processes
(right), with some overlapping responsibilities in the middle.

The LLMs, specifically claude-3-opus-20240229 [38], is responsible for generating the

user story decomposition, microservice descriptions, microservice code, monolithic appli-

cation code, test scripts, and scores and failure classification based on the test results.

These components rely on the language understanding and generation capabilities of the

LLMs to automate the development process.

On the other hand, the conda environment setup, code execution, logging, results

analysis and verification are handled manually or programmatically. These components

ensure a controlled and reproducible experimental setup, facilitate the execution of the

generated code, and enable the verified collection and analysis of results. The user stories

were generated using a combination of human design and LLM text generation.
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3.3. Design Decisions

Several key design decisions were made in the development of this methodology to

address common challenges in microservice orchestration and ensure a streamlined ex-

perimentation process. Figure 3.3 illustrates the integration of key components such as

service discovery and a shared database service within both microservice architecture and

a monolithic application.

Figure 3.3. Integration of service discovery and shared database service in
the microservice architecture and monolithic application

3.3.1. Service Discovery

One of the critical design decisions was to provide a service discovery mechanism (Consul

[17]) for the generated microservices. In a microservice architecture, services need to be
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able to locate and communicate with each other dynamically [59]. However, the generated

microservices had difficulty orchestrating the address and port of each other when running

locally. To overcome this challenge, a service discovery mechanism was introduced, allow-

ing microservices to register themselves and discover other services using service names

instead of hardcoded addresses and ports. This decision simplifies the orchestration pro-

cess and enables seamless communication between microservices, as depicted in Figure

3.3.

3.3.2. Shared Database Service

Another important design decision was to offer a shared MySQL database service for both

the microservices and the monolithic application. During the initial experiments, it was

observed that the generated microservices and monolithic application encountered issues

when attempting to set up their own databases within their respective scripts. These

issues were primarily related to permissions and other configuration complexities. To

mitigate these challenges and ensure a consistent data storage solution, a shared MySQL

database service was provided. This decision allows the generated code to focus on the core

functionality and business logic, while relying on a preconfigured and accessible database

service, as shown in Figure 3.3. Each microserivce cluster or monolithic application is

provided an individual database created at runtime to segregate tables from different

applications from conflicting with one another. Each database name is supplied with the

prompts to develop each application.
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3.3.3. Controlled Execution Environment

To ensure the reproducibility and consistency of the experiments, a controlled execution

environment was set up using a conda virtual environment. The necessary dependencies,

such as Flask [29], requests, and MySQL libraries, were installed within this environment.

This decision helps to isolate the runtime dependencies and avoid conflicts with other

installed packages on the host system. By executing the microservices, monolithic ap-

plication, and test scripts within this controlled environment, the methodology ensures

that the results are not influenced by external factors and can be easily replicated across

different systems.

3.3.4. Automated Test Generation

Evaluating the functionality and correctness of the generated code is a critical aspect of

the methodology. To streamline the testing process, the LLM (claude-3-opus-20240229

[38]) was utilized to generate test scripts based on the user story. This decision leverages

the language understanding capabilities of the LLM to create comprehensive test cases

that align with the desired functionality. The generated test scripts are then adapted to

communicate with the microservices and monolithic application endpoints, ensuring thor-

ough testing of the generated code, as detailed in Figure 3.4. Automated test generation

reduces manual effort and enables consistent evaluation across different experiments.

3.3.5. Failure Classification

To gain insights into the strengths and weaknesses of the code generation process, the

methodology incorporates a failure classification step. The LLM (claude-3-opus-20240229
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Figure 3.4. Test generation, execution, and scoring process for microservices
and monolithic application.

[38]) is used to classify the failed tests into different categories, such as functions not im-

plemented, runtime errors, logic/coding errors, integration failures, configuration failures,

and compatibility failures. This decision helps to identify the areas where the LLM strug-

gles to generate correct and complete code. By categorizing the failures, the methodology

enables targeted improvements and refinements to the code generation process.
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3.4. Experiment Setup

The experiment setup involves several steps to ensure a controlled and reproducible

environment for evaluating the LLM-based microservice development approach.

3.4.1. Conda Environment

A conda virtual environment named “thesis bot” is created with Python 3.9 and the nec-

essary dependencies. The required libraries, such as Flask [29], requests, MySQL [56], and

their dependencies, are installed within this environment. The use of a virtual environ-

ment ensures a consistent and isolated runtime environment across different experiments

and systems.

3.4.2. Microservice and Monolithic Application Execution

The generated microservices and monolithic application are executed simultaneously within

the conda environment for a specified duration. This allows for the evaluation of their

functionality and performance under realistic conditions. The output logs from the mi-

croservices and monolithic application are captured for further analysis.

3.4.3. Test Script Execution

The adapted test scripts for the microservices and monolithic application are executed

within the same conda environment. The test results, including the number of passed and

failed tests, are captured for each experiment. The test script execution helps to assess

the correctness and completeness of the generated code.
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3.4.4. Results Analysis

After the execution of the test scripts, the results are analyzed to evaluate the quality

of the generated code. The LLM (claude-3-opus-20240229 [38]) is used to classify the

failed tests into different categories, providing insights into the common types of failures

and areas for improvement. The analysis also includes a summary of the total number of

failures in each category and the final test scores for both the microservices and monolithic

application.

3.4.5. Execution with Code Llama - Instruct 34B

In addition to claude-3-opus-20240229, the methodology was also attempted with the

Code Llama - Instruct 34B model [67]. Code Llama is an open-source foundation model

for code, trained on a vast corpus of code and natural language data. It has demonstrated

strong performance in various code-related tasks, including code generation, translation,

and completion. The execution of the methodology with Code Llama - Instruct 34B

was performed on an NVIDIA GeForce RTX 4090 GPU with 24GB of VRAM. To ac-

commodate the model within the available memory, 4-bit quantization was employed.

Quantization is a technique that reduces the precision of the model’s weights, allowing

for more efficient memory usage and faster inference [27].

The 4-bit quantization enables the large Code Llama - Instruct 34B model to be

loaded and executed on the RTX 4090 GPU. This quantization approach strikes a bal-

ance between model size and performance, allowing for the utilization of powerful language

models on consumer-grade hardware. The execution process with Code Llama - Instruct

34B followed the same steps as outlined in the previous subsections, including the conda
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environment setup, microservice and monolithic application execution, test script execu-

tion, and results analysis. The generated code and test results were compared against

those obtained using claude-3-opus-20240229 to assess the performance and quality of the

Code Llama model in the context of microservice development.

By incorporating the Code Llama - Instruct 34B model into the methodology, this sub-

section demonstrates the flexibility and adaptability of the proposed approach to different

LLMs. It also highlights the potential for leveraging open-source foundation models and

quantization techniques to enable the execution of large language models on consumer-

grade hardware, making the methodology more accessible to a wider range of researchers

and practitioners.
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CHAPTER 4

Experimental Evaluation

Table 4.1. Error Counts for Microservices and Monolithic Architectures
(Trial 1)

Error Type Microservices Monolithic
Logic/Coding 19 6
Integration 30 9
Runtime 31 64
Not Implemented 15 30
Configuration 0 5
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Figure 4.1. Trial 1 Error Comparison
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Figure 4.2. Trial 2 Error Comparison

Table 4.2. Error Counts for Microservices and Monolithic Architectures
(Trial 2)

Error Type Microservices Monolithic
Logic/Coding 15 0
Integration 26 24
Runtime 24 25
Not Implemented 8 27
Configuration 0 13

The experimental evaluation of the proposed LLM-based microservice development

methodology involved testing the generated code for both microservices and monolithic

applications across 24 diverse user stories for two trials. The user stories spanned various

domains, including customer support ticketing systems, e-commerce platforms, weather

forecasting systems, online gaming platforms, and more. For each user story, the LLM
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Figure 4.3. Combined Trials Error Comparison
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Figure 4.5. Trial 2 scores
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Figure 4.6. Combined trials scores

(claude-3-opus-20240229) was utilized to generate code for the microservices and a cor-

responding monolithic application. The generated code was then subjected to a series of

tests to assess its functionality, correctness, and overall quality.
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Table 4.3. Error Counts for Microservices and Monolithic Architectures (Combined)

Error Type Microservices Monolithic
Logic/Coding 34 6
Integration 56 33
Runtime 55 89
Not Implemented 23 57
Configuration 0 18

The evaluation process involved classifying the test failures into six categories: func-

tions not implemented, runtime errors, logic/coding errors, integration failures, configu-

ration failures, and compatibility failures. This categorization provided insights into the

strengths and weaknesses of the code generation process and helped identify areas for

improvement.

4.1. Results Analysis

The experimental evaluation conducted in this study aimed to compare the perfor-

mance of microservices and monolithic architectures in the context of LLM-generated

code. The results from the two trials provide valuable insights into the strengths and

weaknesses of each architectural approach. In Trial 1, the microservices architecture

achieved a higher mean score of 30.74% compared to the monolithic architecture’s mean

score of 12.47%. The median scores further highlight this difference, with microservices

having a median of 25.00% and monolithic architecture having a median of 0.00%. These

results suggest that the microservices architecture generally performed better in terms of

functionality and correctness. However, it is important to note that the standard deviation

of scores for microservices (27.98%) was higher than that of the monolithic architecture

(21.67%), indicating a greater variation in the performance of individual microservices.
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Trial 2 exhibited a similar trend, with microservices achieving a higher mean score

(43.33%) and median score (42.90%) compared to the monolithic architecture (32.66%

and 14.29%, respectively). The standard deviation of scores for microservices (27.84%)

was lower than that of the monolithic architecture (38.59%), suggesting a more consistent

performance across microservices in this trial.

The total number of errors and failures encountered during the experiments provides

further insights into the robustness of each architectural approach. In Trial 1, microser-

vices encountered a total of 95 errors/fails, while the monolithic architecture encountered

114 errors/fails. Trial 2 showed a similar pattern, with microservices encountering 73

errors/fails and the monolithic architecture encountering 89 errors/fails. These results

indicate that microservices architecture may be more resilient to failures compared to the

monolithic architecture.

The two-proportion z-test conducted for ‘not implemented’ errors reveals interesting

findings. In Trial 1, the z-test resulted in a z-value of -1.84 and a p-value of 0.0653,

indicating a marginally significant difference between the proportions of ’not implemented’

errors in microservices and monolithic architectures. However, in Trial 2, the z-test yielded

a z-value of -2.98 and a p-value of 0.0029, suggesting a statistically significant difference in

the proportions of ’not implemented’ errors between the two architectures. This finding

supports the initial hypothesis that the monolithic architecture would have a significantly

higher number of ’not implemented’ errors due to the limitations of the context window.

The dispersion measures, including standard deviation and interquartile range (IQR),

provide insights into the variability of scores within each architectural approach. In both

trials, microservices exhibited higher IQRs (50.00% in Trial 1 and 44.61% in Trial 2)



49

compared to the monolithic architecture (20.00% in Trial 1 and 55.00% in Trial 2). This

suggests that the performance of individual microservices was more varied, while the

monolithic architecture had a more concentrated distribution of scores.

The Mann-Whitney U test was employed to compare the overall scores between mi-

croservices and monolithic architectures. In Trial 1, the test resulted in a U-value of

437.0 and a p-value of 0.0118, indicating a statistically significant difference in scores

between the two architectures. However, in Trial 2, the U-value of 328.5 and p-value of

0.1562 suggest that the difference in scores was not statistically significant. These results

highlight the variability in the performance of the architectures across different trials and

emphasize the need for further investigation.

4.2. Interpretation and Discussion

The experimental results provide valuable insights into the performance of microser-

vices and monolithic architectures in the context of LLM-generated code. The higher

mean and median scores achieved by microservices in both trials suggest that this archi-

tectural approach may be more suitable for generating functional and correct code using

LLMs. The fault isolation characteristic of microservices, as evidenced by the distribution

of score percentages, could be a contributing factor to their better performance.

The initial hypothesis that the monolithic architecture would have a significantly

higher number of ’not implemented’ errors due to the limitations of the context window

was supported by the results of Trial 2. This finding highlights the potential challenges

associated with generating code for monolithic architectures using LLMs, particularly

when the code complexity exceeds the available context window. Microservices, on the
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other hand, may be more amenable to code generation using LLMs due to their modular

and focused nature.

The dispersion measures, particularly the higher IQRs for microservices, indicate that

the performance of individual microservices was more varied compared to the monolithic

architecture. This variability could be attributed to the differences in the complexity and

requirements of each microservice. Further investigation into the factors influencing the

performance of individual microservices could provide valuable insights for improving the

code generation process.

The statistically significant difference in overall scores between microservices and

monolithic architectures in Trial 1, as revealed by the Mann-Whitney U test, supports

the notion that microservices may be more suitable for LLM-generated code. However,

the lack of a statistically significant difference in Trial 2 underscores the need for addi-

tional trials and a larger sample size to draw more definitive conclusions. It is important

to acknowledge the limitations of this study, such as the use of a controlled execution

environment and a shared database service, which may not fully represent real-world de-

ployment scenarios. Future research could explore the performance of LLM-generated

code in more diverse and complex environments to assess its generalizability.

Table 4.4. Statistical Measures for Microservices and Monolithic Architectures

Measure Trial 1 Trial 2
Microservices Monolithic Microservices Monolithic

Mean Score 30.74% 12.47% 43.33% 32.66%
Median Score 25.00% 0.00% 42.90% 14.29%
Standard Deviation of Scores 27.98% 21.67% 27.84% 38.59%
Total Errors/Fails 95 114 73 89
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Table 4.4 summarizes the key statistical measures for microservices and monolithic

architectures in both trials, providing a concise overview of the performance differences

between the two architectural approaches.

The experimental evaluation conducted in this study provides valuable insights into

the performance of microservices and monolithic architectures in the context of LLM-

generated code. The results suggest that microservices may be more suitable for code

generation using LLMs due to their modular nature and fault isolation characteristics.

However, further research is needed to validate these findings and explore the factors

influencing the performance of LLM-generated code in various deployment scenarios.

4.3. Methodology Impact on Results

It is essential to consider how the chosen methodology may have influenced the ex-

perimental results. The use of a controlled execution environment, with a pre-configured

conda virtual environment and necessary dependencies, aimed to minimize external fac-

tors and ensure a consistent runtime across experiments. However, this setup may not

fully represent the diversity and complexity of real-world deployment environments, po-

tentially limiting the generalizability of the findings [20].

The decision to provide a shared MySQL database service for both microservices

and monolithic applications simplified the data storage aspect and reduced configuration

complexities. While this approach facilitated the experimentation process, it may have

masked potential challenges related to database management and scalability that could

arise in production scenarios [64].
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The automated test generation process, leveraging the LLM to create test scripts

based on user stories, introduced an additional layer of abstraction. While this approach

streamlined the testing process, it relied on the LLM’s ability to generate comprehensive

and accurate test cases. Any limitations or biases in the generated tests could have

influenced the evaluation results [71].

The failure classification step, where the LLM categorized failed tests into different

error types, provided valuable insights into the nature of the failures. However, the accu-

racy and consistency of this classification process depended on the LLM’s understanding

of the error messages and its ability to differentiate between various failure modes. Mis-

classifications or ambiguities in the categorization could have affected the interpretation

of the results [19].

4.4. Challenges with Code LLama Instruct 34B

In the pursuit of reproducibility and transparency in the experimental evaluation, an

attempt was made to utilize Code LLama Instruct 34B, an open-source language model

specifically designed for code generation tasks. The motivation behind using Code LLama

Instruct 34B was its open weights, which allow for better reproducibility and scrutiny of

the model’s performance compared to proprietary models like claude-3-opus-20240229.

However, despite the potential benefits of using an open-source model, several chal-

lenges were encountered during the experimentation process. One of the primary issues

was the inability to successfully start a service using the code generated by Code LLama

Instruct 34B. The model struggled to generate complete and functional code, often result-

ing in syntax errors, runtime failures, and incomplete implementations. These challenges
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underscore the complexities involved in using large language models for code generation

tasks, particularly in the context of microservices and monolithic architectures. The per-

formance of Code LLama Instruct 34B may be influenced by various factors, such as the

quality and diversity of its training data, the specific prompts and instructions provided,

and the intricacies of the target programming languages and frameworks.

While the open nature of Code LLama Instruct 34B is advantageous for reproducibility

and transparency, it is important to recognize that proprietary models like claude-3-opus-

20240229 may have undergone more extensive fine-tuning and optimization for specific

code generation tasks. The closed nature of these models, however, limits the ability to

fully understand and reproduce their results.

To address the challenges encountered with Code LLama Instruct 34B, further in-

vestigation and experimentation are necessary. This may involve fine-tuning the model,

optimizing the prompts and instructions, or adapting the code generation process to better

suit the requirements of microservices and monolithic architectures. Collaboration with

the open-source community and sharing of findings can contribute to the improvement of

open-source language models for code generation tasks.

In the next chapter, we will present a case study that showcases an example of incom-

plete programming generated by Code LLama Instruct 34B. This case study will provide

a detailed analysis of the specific challenges encountered and discuss potential strategies

for mitigating these issues in future experiments and real-world applications. By exam-

ining the limitations and opportunities associated with open-source language models like

Code LLama Instruct 34B, we aim to contribute to the advancement of reproducible and

transparent research in the field of code generation using large language models.
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CHAPTER 5

Case Studies

I present three case studies that highlight the impact of architectural choices and the

limitations of code generation models on the performance and functionality of the resulting

applications. These case studies provide insights into the advantages of microservices

architecture, particularly in terms of fault isolation and modularity, and the challenges

associated with generating complete and functional code for monolithic applications using

language models with limited context windows.

5.1. Travel Booking Platform

The first case study focuses on a travel booking platform, where the microservices

architecture demonstrated better performance compared to the monolithic application.

The test results reveal the benefits of fault isolation in microservices architecture.

In the microservices implementation, two failed tests were categorized as integration

failures. Despite these failures, the overall system remained partially functional, allowing

some tests to pass. The final test script score for the microservices architecture was

66.67%, with two out of three tests passing.

In contrast, the monolithic application suffered from multiple failures due to missing

functionality and logic errors. The test results showed three failed tests categorized as

“functions not implemented” and one failed test categorized as a logic/coding error. These
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failures in one part of the monolithic application affected the entire system, resulting in

a final test script score of 0%.

This case study exemplifies how the fault isolation provided by microservices archi-

tecture can lead to a better overall score. Even when failures occur in one service, they

do not necessarily bring down the entire system. The modular nature of microservices

allows for the isolation of faults and the continued operation of other services.

5.2. Event Ticketing System

The second case study examines an event ticketing system, where the monolithic

application failed to implement certain functionality, likely due to the limited context

window of the code generation model. The test results highlight the challenges associated

with generating complete and functional code for monolithic applications.

In the monolithic implementation, all four tests failed with a 404 status code, indi-

cating that the endpoints for creating events, defining ticket types, purchasing tickets,

and user registration were not implemented. The final test script score for the monolithic

application was 0%, with none of the tests passing.

The failure analysis suggests that the necessary endpoints and functionality were miss-

ing in the monolithic application. This can be attributed to the code generation model

running out of context window while generating the code for the monolithic application.

In a monolithic architecture, all the functionality is tightly coupled within a single code-

base, making it challenging for the model to generate a complete implementation when

constrained by a limited context window.
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On the other hand, the microservices architecture for the event ticketing system did

not have any failures and achieved a final test script score of 100%. The modular nature

of microservices allows for better separation of concerns and independent development of

individual services. Even if the code generation model runs out of context window for one

microservice, it can still generate the other microservices successfully.

This case study emphasizes the advantages of microservices architecture in terms of

modularity and the ability to overcome the limitations of code generation models with

limited context windows.

5.3. Code Llama Generated Code

The third case study focuses on the code generated by the Code Llama Instruct 34B

model, which registered itself in Consul under port 8081 but hosted itself on port 5000.

This discrepancy could be attributed to either the model falling out of the context window

or its limitations in writing Flask applications. Figure 5.1 presents a snippet of the

problematic code generated by Code Llama Instruct 34B.

The code generated by Code Llama Instruct 34B demonstrates the challenges asso-

ciated with using open-source language models for code generation tasks. Despite the

potential benefits of reproducibility and transparency offered by open-source models, the

generated code may suffer from syntax errors, runtime failures, and incomplete imple-

mentations, as evidenced by the inconsistency in the port numbers shown in Figure 5.1.

This case study highlights the complexities involved in using large language models for

code generation tasks, particularly in the context of microservices and monolithic archi-

tectures. The performance of code generation models may be influenced by factors such
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as the quality and diversity of their training data, the specific prompts and instructions

provided, and the intricacies of the target programming languages and frameworks.

While the open nature of Code Llama Instruct 34B is advantageous for reproducibility

and transparency, proprietary models like claude-3-opus-20240229 may have undergone

more extensive fine-tuning and optimization for specific code generation tasks. However,

the closed nature of proprietary models limits the ability to fully understand and reproduce

their results.

To address the challenges encountered with Code Llama Instruct 34B, further inves-

tigation and experimentation are necessary. This may involve fine-tuning the model, op-

timizing the prompts and instructions, or adapting the code generation process to better

suit the requirements of microservices and monolithic architectures. Collaboration with

the open-source community and sharing of findings can contribute to the improvement of

open-source language models for code generation tasks.
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1 import os

2 from flask import Flask, jsonify, request

3 from flask_sqlalchemy import SQLAlchemy

4 from consul import Consul

5

6 app = Flask(__name__)

7

8 # Set up SQLAlchemy

9 app.config["SQLALCHEMY_DATABASE_URI"] = "mysql+pymysql://" + \

10 os.environ["SQL_USERNAME"] + ":" + os.environ["SQL_PASSWORD"] + \

11 "@" + os.environ["SQL_HOST"] + "/" + os.environ["SQL_DB"]

12 db = SQLAlchemy(app)

13

14 # Set up Consul

15 consul = Consul(host=os.environ["CONSUL_HOST"],

16 port=os.environ["CONSUL_PORT"])

17

18 # Model for volunteers table

19 class Volunteer(db.Model):

20 ...

25

26 # Register the microservice with Consul

27 def register_microservice():

28 consul.agent.service.register(name="volunteer-service", port=8081)

29

30 # Volunteer and event routes

31 @app.route("/volunteers", methods=["GET"])

32 def get_volunteers():

33 ...

74

75 @app.route("/volunteers/<int:volunteer_id>/events", methods=["GET"])

76 def get_volunteer_events(volunteer_id):

77 ...

88

89 if __name__ == ’__main__’:

90 ...

91 app.run()

Figure 5.1. Code snippet generated by Code Llama Instruct 34B. Line 28
shows the registration of the microservice with Consul on port 8081, and
line 91 shows the application running on the default port 5000.
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CHAPTER 6

Conclusion and Future Work

In this thesis, we have explored the use of large language models (LLMs) for automat-

ing microservice development. Our experimental evaluation compared the performance

of LLM-generated code for microservices and monolithic architectures across diverse user

stories, primarily using the claude-3-opus-20240229 model [38]. The results suggest that

microservices may be more suitable for code generation using LLMs due to their modular

nature and fault isolation characteristics. However, the study also revealed challenges as-

sociated with using open-source language models like Code Llama [67] for code generation

tasks. The case studies presented in this thesis highlight the advantages of microservices

architecture, particularly in terms of fault isolation and modularity. They demonstrate

how the modular nature of microservices allows for the isolation of faults and the contin-

ued operation of other services, even when failures occur in one service. In contrast, the

monolithic architecture suffered from multiple failures due to missing functionality and

logic errors, affecting the entire system.

While the experimental evaluation provides valuable insights, it is important to ac-

knowledge the limitations of the current study. The use of simple prompts and a limited

set of tasks and test cases may not fully capture the complexity and diversity of real-world

microservice development scenarios. Future research should aim to expand the scope of

the study by incorporating more sophisticated prompts, a wider range of tasks, and more
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comprehensive test cases. This will help to further validate the findings and assess the

generalizability of the LLM-based approach to microservice development.

One of the key hypotheses that emerged from this study is the potential impact of

context window size on the ability of LLMs to generate functional code. To directly

test this hypothesis, future research should conduct controlled experiments with varying

context window sizes. By systematically manipulating the context size and evaluating the

quality and completeness of the generated code, we can gain a deeper understanding of the

relationship between context size and the performance of LLMs in code generation tasks.

This investigation will provide valuable insights into the limitations and requirements of

LLMs for effective microservice development.

Although the majority of our experiments were conducted using claude-3-opus-20240229,

the challenges encountered with Code Llama Instruct 34B in generating complete and

functional Flask applications highlight the need for further investigation into the impact

of context window size. As discussed in [67], Code Llama models support input contexts

of up to 100,000 tokens, which is significantly larger than the context window sizes of

many other LLMs. However, the inconsistency in port numbers and the inability to suc-

cessfully start services suggest that even with this larger context window, Code Llama

may still struggle to generate coherent and fully functional code for complex microser-

vice architectures. Future research should explore techniques to mitigate the limitations

imposed by context window size, such as incorporating domain-specific knowledge, op-

timizing prompts, and adapting the code generation process to better suit the unique

requirements of microservices. Another important aspect to explore in future work is

the fault tolerance of LLM-generated microservices compared to generated monolithic
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programs. To test this hypothesis, researchers can design experiments that introduce

controlled faults or failures into the generated code and assess the resilience and recovery

capabilities of microservices and monolithic architectures. By measuring the impact of

failures on the overall system functionality and the ability to isolate and recover from

faults, we can gain a better understanding of the fault tolerance benefits of microservices

in the context of LLM-generated code.

As an expert in the current state of these tools, it is crucial to discuss the steps needed

before this type of code generation can be deployed or commercialized. While LLMs like

claude-3-opus-20240229 and Code Llama have shown promising results in code genera-

tion tasks, there are still significant limitations and challenges that need to be addressed.

Future work should focus on improving the quality and reliability of the generated code

by leveraging larger and more diverse training datasets, incorporating domain-specific

knowledge, and developing more advanced prompting techniques. The limitations ob-

served in Code Llama’s ability to generate Flask applications underscore the importance

of ensuring that the training data adequately covers the target programming languages,

frameworks, and design patterns. As highlighted in [67], Code Llama models are trained

on a diverse dataset including code, natural language related to code, and general natu-

ral language. However, the specific coverage of Flask and other web frameworks in the

training data may need to be enhanced to improve the model’s performance in generating

functional web applications. Additionally, rigorous testing and validation processes must

be established to ensure the correctness, security, and performance of the generated code

in real-world scenarios.
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Another important consideration for future work is the failure triaging and classifica-

tion process. In this study, we counted different program failures and categorized them

into various types. However, it is important to acknowledge that some failures may over-

lap or include others, which can affect the accuracy of the statistics. Future research

should explore more sophisticated failure triaging strategies and develop standardized

taxonomies for classifying failures in LLM-generated code. This will help to improve the

consistency and reliability of failure analysis and provide a more accurate assessment of

the strengths and weaknesses of different architectural approaches.

This thesis has demonstrated the potential of LLMs like claude-3-opus-20240229 and

Code Llama for automating microservice development and highlighted the advantages of

microservices architecture in terms of fault isolation and modularity. However, it is impor-

tant to recognize the limitations of the current study and the challenges that need to be

addressed before this type of code generation can be deployed or commercialized. Future

research should focus on expanding the scope of the study, directly testing key hypotheses

related to context window size and fault tolerance, improving the quality and reliability

of the generated code through enhanced training data and prompting techniques, and

establishing rigorous testing and validation processes. By addressing these limitations

and building upon the findings of this thesis, we can pave the way for more advanced and

practical applications of LLMs in microservice development and software engineering as

a whole. The work presented in [67] provides a solid foundation for further research and

development in this area, and we anticipate that the Code Llama models, along with other

state-of-the-art LLMs like claude-3-opus-20240229, will continue to evolve and improve,

enabling more effective and efficient microservice development in the future.
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APPENDIX A

Key Elements of the Experimental Code

A.1. Microservice Description Prompt

The microservice description prompt, shown in Listing A.1, is used to generate detailed

descriptions of the required microservices based on the provided user story. The prompt

specifies the information to be included for each microservice, such as its name, purpose,

endpoints, request/response data structures, and interactions with other microservices.

Listing A.1. Microservice description prompt

microservice_descriptions_prompt = f"""

Here is a user story: {user_story }. Based on this user story ,

provide a full description of each required microservice ,

including:

Name (surround the name with [MS_NAME] tags , e.g., [MS_NAME]

UserService [/ MS_NAME ])

Service name for service discovery

Purpose

Endpoints (with HTTP methods and paths)

Request/response data structures (include sample data)

Connections to other microservices
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Specific details needed to interact with other microservices (or

tables and data formats used in the database)

Port (to avoid overlapping port numbers)

For each microservice description , make sure to:

Clearly specify the request/response data formats for all

endpoints , including sample data.

Explicitly state the service names of any connected microservices

when describing their interactions.

Specify which microservice creates each database table and provide

the necessary SQL CREATE TABLE statements.

Always use the provided service discovery mechanism (Consul) to

register and discover microservices.

The following services are available:

Service Discovery (Consul): {service_discovery_url}

SQL Service: {sql_service_url }:{ sql_service_port} (Username: {

sql_username}, Password: {sql_password}, Database: {

sql_database })
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Use the provided service discovery and SQL service URLs in your

microservice descriptions , if necessary. Respond with an array

of strings using triple quotes , where each string provides a

thorough description of a single microservice required to

implement the given user story. Include both the sample data

and the API details , including specifics on their service names

and the expected data request/response data structures , for

the other microservices communicated within each description.

"""

A.2. Monolithic Application Prompt

The monolithic application prompt, shown in Listing A.2, is used to generate the

complete Python code for a monolithic application based on the provided user story.

The prompt specifies the requirements for the generated code, such as using the Flask

framework, creating necessary database tables, and including error handling.

Listing A.2. Monolithic application prompt

monolithic_application_prompt = f"""

Here is a user story: {user_story }. Based on this user story ,

provide the complete Python code for a monolithic application

that hosts an API.

Make sure to:

1. Use the Flask framework to create the microservice.
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2. Create the necessary database tables using the provided SQL

CREATE TABLE statements. Ensure that the tables are created in

the correct order , so that tables being referenced by foreign

keys already exist.

3. Include error handling and appropriate HTTP status codes.

4. Use the mysql -connector -python library to interact with the

MySQL database.

5. Do not use environment variables. Store the necessary

information within the script.

Use the following SQL service URL in your monolithic application

code , if necessary:

SQL Service: {sql_service_url }:{ sql_service_port} (Username: {

sql_username}, Password: {sql_password}, Database: {

monolithic_sql_database })

The socket path is ’/var/run/mysqld/mysqld.sock’

When using the mysql.connector.connect () function and pass the

connection parameters as separate arguments.

Make sure to create any necessary tables.

Disable debug mode in Flask by setting debug=False when calling

app.run().

Respond with the sample data included in the complete Python code.
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"""

A.3. Microservice Failure Analysis Prompt

The microservice failure analysis prompt, shown in Listing A.3, is used to classify

the failed tests for the microservices based on the test script, microservice code, test

output, and microservice logs. The prompt provides guidelines for categorizing failures

and requests a detailed explanation for each categorization, as well as suggestions for

improving the failure triaging strategy.

Listing A.3. Microservice failure analysis prompt

microservice_score_prompt = f"""

Here was my test script:

{microservice_test_code}

Here was the code for my microservices:

{microservice_code}

Here was the output of the test script:

{microservice_test_output}

Here was the logs from the microservices:

{combined_output}

When categorizing the failed tests , please follow these guidelines

:
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If a failure is due to a function not being implemented ,

prioritize categorizing it as "functions not implemented" even

if it also results in runtime errors or other issues.

If a failure is caused by a runtime error but not due to a missing

function , categorize it as a "runtime error".

If a failure is caused by incorrect logic or coding errors ,

categorize it as "logic/coding errors ".

If a failure is caused by issues with integrating different

components or microservices , categorize it as "integration

failures ".

If a failure is caused by incorrect configuration settings ,

categorize it as "configuration failures ".

If a failure is caused by compatibility issues between different

components , libraries , or versions , categorize it as "

compatibility failures ".

If a failure does not fall under any of the above categories ,

categorize it as "other" and provide a brief explanation.

For each failed test , provide a clear explanation of why you

categorized it into a specific failure type. If a failure seems

to fit into multiple categories , explain your reasoning for

choosing the most appropriate category based on the root cause

of the failure.
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After categorizing the failures , please provide suggestions on how

the failure triaging strategy could be improved to ensure more

accurate statistics. Consider discussing any overlaps or

dependencies between different failure types and propose ways

to handle such cases to maintain the integrity of the failure

counts.

In addition to the total number of each type of failure and the

final test script score , please provide a summary of the

failure counts and percentages. Calculate the percentage of

each failure type relative to the total number of tests.

"""

A.4. Monolithic Application Failure Analysis Prompt

The monolithic application failure analysis prompt, shown in Listing A.4, is similar

to the microservice failure analysis prompt but focuses on categorizing failed tests for the

monolithic application.

Listing A.4. Monolithic application failure analysis prompt

monolithic_score_prompt = f"""

Here was my test script:

{monolithic_test_code}

Here was the code for my monolithic application:

{monolithic_code}

Here was the output of the test script:
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{monolithic_test_output}

Here was the logs from the monolithic application:

{monolithic_output}

When categorizing the failed tests , please follow these guidelines

:

If a failure is due to a function not being implemented ,

prioritize categorizing it as "functions not implemented" even

if it also results in runtime errors or other issues.

If a failure is caused by a runtime error but not due to a missing

function , categorize it as a "runtime error".

If a failure is caused by incorrect logic or coding errors ,

categorize it as "logic/coding errors ".

If a failure is caused by issues with integrating different

components or microservices , categorize it as "integration

failures ".

If a failure is caused by incorrect configuration settings ,

categorize it as "configuration failures ".

If a failure is caused by compatibility issues between different

components , libraries , or versions , categorize it as "

compatibility failures ".

If a failure does not fall under any of the above categories ,

categorize it as "other" and provide a brief explanation.
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For each failed test , provide a clear explanation of why you

categorized it into a specific failure type. If a failure seems

to fit into multiple categories , explain your reasoning for

choosing the most appropriate category based on the root cause

of the failure.

After categorizing the failures , please provide suggestions on how

the failure triaging strategy could be improved to ensure more

accurate statistics. Consider discussing any overlaps or

dependencies between different failure types and propose ways

to handle such cases to maintain the integrity of the failure

counts.

In addition to the total number of each type of failure and the

final test script score , please provide a summary of the

failure counts and percentages. Calculate the percentage of

each failure type relative to the total number of tests.

"""
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APPENDIX B

Conda Environment Setup

To ensure a consistent execution environment for the experiments, a conda virtual

environment named ”thesis bot” is set up with Python 3.9 and the following necessary

dependencies:

• flask

• requests

• pyjwt

• psycopg2

• json

• pika

• fastapi

• flask-sqlalchemy

• passlib

• python-jose

• sendgrid

• pydantic¡2

• werkzeug

• mysql

• mysql-connector-python
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• mysqlclient

• flask-mail

• pymysql

• flask mysqldb (installed via pip)

• python-consul (installed via pip)

• Flask-SocketIO (installed via pip)

• redis (installed via pip)

These commands create a new conda environment named ”thesis bot” with Python 3.9

and install the required libraries such as Flask, requests, MySQL, and their dependencies.

The environment is used to execute the microservices, monolithic application, and test

scripts consistently across experiments.
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