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 Large Language Models (LLMs) have shown great promise for assisting 

software engineering tasks that can be automated, like mapping natural 

language to code. This paper describes a practical case study using a 

domain specific LLM to convert software requirements into semi-formal 

designs, tests and code. We suggest a simple iterative refinement process 

for engineering prompts and progressively prompting with the intention of 

improving the accuracy of outputs, alignment to software requirements. 

We validate our approach with a case study based on real-world scenarios 

that show how LLMs can be leveraged for requirement extraction, 

Generation of Object-oriented Design (OOD) and implementation steps. 

These findings also give an understanding of the utility of LLM-assisted 

development in relation to affordances and constraints. 
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INTRODUCTION 

The recent advances in Artificial Intelligence (AI) involving Large Language Models (LLMs) 

have dramatically changed the domain of software engineering by allowing for smart automation of 

complex programming tasks. Recent advancements like GPT-based architectures have been great at 

natural language understanding and code generation, giving zero- or one-shot capabilities to 

developers enabling them to interact with systems using high-level textual input as opposed to 

traditional programming languages (Xie et al., 2023). This change has opened new possibilities to 

improve the software development lifecycle, particularly in linking software requirements to 

executable code. In fact, despite these advances, the difficulty of converting informal requirements 

into formal designs and verifiable implementations is one of the most significant problems facing 

software engineering and continues to be done at a very high cost by skilled humans with years of 

experience in a refinement fashion (Rubin et al., 2022). 

Prompt engineering is a newly developed way to improve LLMs through the changing 

prompts instead of their architecture. Through prompt engineering, developers can shape input 

prompts to produce more contextually relevant and task-relevant outputs. Recent research has 

demonstrated that the reasoning and code generation of LLMs can be significantly improved by 
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techniques like chain-of-thought prompting and few-shot learning (Pornprasit & Tantithamthavorn, 

2024). In addition, research in AI-assisted software engineering helps encapsulate the increasing role 

of LLMs that can automate tasks like requirement analysis, design generation, and testing as a way to 

enhance productivity and shorten development cycles (Dilhara et al., 2024). Most previous studies 

concentrate on individual tasks and do not advance a unified framework that supports the complete 

requirement-to-code transformation process. (White et al., 2023). 

This research presents the use of a custom LLM that is guided by a systematic prompt 

engineering process to assist with guiding an end-to-end software development pipeline. In particular, 

this work evaluates the usage of progressive prompting and iterative refine for transforming software 

requirements into functional specifications, object-oriented designs, test cases and executable codes 

(Li et al., 2023). Additionally, the purpose of this study is to evaluate how LLMs are applicable in 

real-world inspired development scenarios and which strengths and weaknesses exist when using 

them (Touvron et al., 2023). 

This study contributes to the field of software engineering in multiple different ways. First, it 

proposes a structured prompt engineering framework that decomposes complex development tasks 

into manageable intermediate steps, improving both interpretability and output quality. Second, it 

shows concrete example of how a custom LLM is used in each step during the software dev life cycle 

(Shi et al., 2024). Third, few overviews have investigated empirical data on the working relation of 

software engineers and AI systems in practice as it could improve system performance (like iterative 

feedback). These contributions are particularly relevant for researchers and practitioners looking to 

integrate AI-enabled tools into mod ern development pipelines (J. Liu et al., 2022). 

Our research brings together traditional isolated uses of an LLM in the software development 

life cycle. We combine requirements engineering, design generation, and implementation into a single 

prompting framework (Qiao et al., 2023). Rather than relying on the LLM to produce complete output 

at once, we use an interactive approach to generate results collaboratively. This interactive method 

enhances the quality of LLM output and gives greater transparency and control in AI-assisted tools. It 

also helps create a standardized, scalable LLM-centric software engineering framework for the future 

(Chen et al., 2021). 

METHOD 

The article describes an applied qualitative case study about the use of a tailored LLM to 

support software engineering processes, where the objective is to transform software requirements 

into structured artifacts such as designs and executable artefacts. The work studies a systematic 

process of prompt engineering followed by iterative optimization to enhance the reliability, 

consistency and usability of LLM-generated outputs in an environment parallelled to real world 

development (S. Liu et al., 2024). 

Research Design 

This is exploratory research, dealing with investigation of real use cases for LLMs within the 

software development life cycle. Domain knowledge about requirements engineering, object-oriented 

design and programming principles/data is fine-tuned from a general pretrained transformer. In this 

paper, we define the paradigm of structural prompting which partitions complex development tasks 

into sequenced stages to assist models with both reasoning quality and outcome quality. This is 

followed by an iterative process of refinement that allows for near real time improvement in outputs 

driven by user response (Xie et al., 2023). 

Case Study Description 

   A Real-World Multi-Stakeholder Scheduling System Scenario with Multiple Functional 

Requirements and Workflow Dependencies. For this purpose, a complex and relevant case is selected 

to evaluate abilities of LLM in different stages/remains of Software Development Life Cycle (SDLC) 

including requirement analysis, system design, testing and implementation. The case represents a 

perfect corner to study LLM capabilities because they include structured and un-structured inputs (Pei 

et al., 2025). 

Data Collection and Procedure 

   The dataset on which this study has been performed consists of multiple types of both 

structured semi-structured requirement documents like project scope, vision, glossary and use case 
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description. We feed these inputs to the LLM, creating an authentic virtual representation of 

requirement engineering in real world scenarios (Zhao et al., 2021). 

   At each stage, the LLM produces outputs that are subsequently reviewed and iterated on 

through feedback. The progressive prompting methodology is helpful not only because it makes 

complex tasks easier to tackle step-by-step, but also because it helps keep the model's output aligned 

with its original goal (Sun et al., 2024). 

The research procedure follows a structured prompt engineering workflow, as illustrated in 

Figure 1. 

 

 
Figure 1. Research Workflow for Requirement-to-code Transformation Using LLM 

Data Analysis 

   The method of analysing the data is qualitative, using descriptive analysis of outputs created 

by LLM at each development phase to determine how effectively LLM interprets software 

requirements and how consistently the automated design artefacts generated by LLM align with the 

initial requirements. We also assess the quality of code generated by LLM based on its ability to 

realise the design artefacts and improve implementation through iterative refinement. The results of 

these evaluations identify the strengths, weaknesses, and transferability of LLMs in software 

engineering (Han & Lyu, 2025). 

   To support the analysis, an evaluation framework is applied, as presented in Table 1. 

 

Table 1. Evaluation Criteria for LLM Performance 

No Evaluation Aspect Description 

1 Requirement Accuracy 
Alignment between input requirements and extracted 

outputs 

2 Design Consistency Logical correctness and structure of generated design 

3 Code Quality Readability, correctness, and adherence to standards 

4 Iterative Improvement Ability to refine outputs based on feedback 

   

RESULTS AND DISCUSSION 

  This part provides an overview of the results of the case study and evaluates how well a 

custom-trained Large Language Model (LLM) converted software requirements into structured design 

artifacts and executable code. The outputs are the result of an iterative process between user and LLM 

through the prompt engineering framework utilized in methodology (Rubin et al., 2022). 

Requirement Understanding and Initial Interaction 

  Given the LLM being ‘trained’ on structured requirement documents regarding the project 

scope, vision, glossary and usecase (just as an example), for the stage1. Figure 2: Output from the 

system describing its description of the uploaded documents. The first step, shows that the LLM is 

capable of interpreting this unstructured and semi-structured text input (in natural language) through a 

mapping to a coherent representation. 
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   On top of that, the dealing between the software engineer and the tailored LLM describes to a 

workflow structured as per Figure 2. The model takes the user through a series of steps to ensure that 

each stage of the development process is done in order. Such structured interaction minimizes 

ambiguity and increases clarity around the interpretation of requirements. 

 
Figure 2. A Software Engineer Interaction with Tailored GPT Model 

Functional Requirement Extraction 

  Once the input documents have been executed by this layer, an LLM creates detailed 

functional requirements depending on which use case was selected. The system identifies important 

functionalities of the system, interactions between user and system, name of expected output. This 

step demonstrates how the engineering of prompts allows intuitive instructions for the model to take 

relevant and structured requirements from a free-form description. These results suggest that the LLM 

is capable of converting high-level use-cases into system requirements in a suitable format. However, 

there were some outputs with slight ambiguities which required users to refine and specify explicitly 

what they wanted. This gives LLMs the ability to extract requirements sufficiently, but man needs to 

supervise them, they cannot fully accomplish and check the task without human verification. 

Object-Oriented Design Generation 

  From the requirements, LLM produced an object-oriented design with class identification and 

attributes, methods and relationships. The model was further able to break the system down into 

logical parts and allocate correct duties to each class as shown by Figure 3. The produced design was 

reasonably good and compatible with the best practices of software engineering. Some design 

components needed iterative feedback and hence, refinement. This iterative method made the design 

much more coherent and accurate while reinforcing the need for human-in-the-loop interaction in 

order to achieve maximum results. 
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Figure 3. Object Oriented Design for One Functional Requirement 

Test Case Generation and Validation 

  In the second step, the LLM produced test cases that were related to the system components 

we had designed above. These test cases were meant to confirm the functionality of the system and 

check whether or not it behaves as per expectations under different conditions. The model generated 

relevant test scenarios, although there was a need for clarification to narrow down the test cases based 

on actual implementation details. This step also depicts a possible application of LLMs to assist in 

software testing by generating validation scenarios. As with previous stages, much of the work was 

otherwise iteratively refining these outputs. 

Code Generation and Implementation 

  To implement the executable code based on refined requirements and design. With the way 

that the LLM presented us with linear blocks of logic with very few errors handling and all at 

acceptable programming levels, as seen in Figure 4, the LLM's produced code was functionally 

equivalent to the specifications, which further provides evidence to support end-to-end development 

of Software using LLMs. However, the limitations found were that there are still edge cases that are 

not covered, and a lot of additional optimisation needs to be performed. In summary, this data shows 

that even though LLM can increase the speed of generating code, it is still essential to review and 

enhance the code through manual efforts, in order for it to meet the standards for use in production. 

 

 
Figure 4. Implementation Code Based on Test Cases 
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Workflow Efficiency and Iterative Improvement 

  The high-level flow of the proposed approach that describes the hierarchical setup during 

requirement transformation is shown in Figure 5. They learned to manipulate difficult tasks by 

dividing them first into simpler complete able subtasks using this step-wise prompting approach. The 

iterative refinement process allows for better output quality at every level. Therefore, the user had 

better quality based on their feedback (steering) and even prompt aspects (accuracy, consistency and 

completeness of results). Conclusions We believe our approach of combining structured prompting 

with iterative interaction is the key to achieving optimal usage of LLMs for software engineering 

tasks. 

 

 
Figure 5. Workflow Hierarchy 

Evaluation Summary 

  Lastly, TLR evaluates the quality of parts (or TLRs) of some fixed evaluation criteria of LLM 

output in Table 2. Experiment result show that the new change in the LLM support multiple step of 

software development lifecycle. And the system is extremely robust in understanding requirements, 

generating designs and writing code. However, the need for repetitive tuning and human supervision 

is still very important. 

 

Table 2. Summary of LLM Performance Evaluation 

No Evaluation Aspect Description 

1 Requirement Accuracy High accuracy with minor refinements required 

2 Design Consistency Moderate to high, improved through iteration 

3 Code Quality Functional but requires optimization 

4 Iterative Improvement Significant improvement observed 

 

CONCLUSION 

This paper has shipped the large language model (LLM) that assists software engineers in 

transforming their specifications into designs of software, test cases and real code. It draws on an 

external knowledge base that combines requirements engineering and software design domains. We 

then present a case study showcasing how this LLM can be both useful and meaningful within the 

context of software development. In software engineering, we also emphasized our findings that high-

quality requirements are required to paper the muscles of LLM. 

In the future, we will look into a wider range of techniques for specifying requirements and 

different methods for designing software. We will also conduct a more thorough evaluation of this 

new approach to further prove its effectiveness and applicability in various software engineering 

contexts. 
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