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Abstract
Software development begins long before the first line of code 1s written. Software engineers must interpret business rules,

often expressed in natural language during meetings or in documentation, and translate them into a software model that forms the
basis of the system architecture. This phase can be time-consuming, as it depends not only on gathering requirements from busi-
ness experts but also on the engineers’ ability to accurately translate them into a technical model—a process heavily influenced
by their experience.

In startups and small companies, teams are often limited in size and may lack expertise in this critical phase. We propose
the question if Large Language Models (LL.Ms) and Domain Driven Design principles can be leveraged to build solid and useful
abstractions, significantly accelerating the modeling phase and improving quality of the software delivered.

Using 1dentical business requirements, we contrast the models generated by each LLM with those produced by an expert
human modeler. We conclude with insights into the use of LLMs as support tools for software modeling, the current state of
automatic model generation, and the potential of these tools to enhance software development processes.

Introduction

0.1 Whatis DDD and why does it matter?

Domain-Driven Design (DDD) refers to a set of techniques and practices that assist software teams in construct-
ing models based on concepts used by domain experts—those who deal daily with the specific problems the
software aims to address. This approach to modeling offers several advantages over other software development
paradigms, as highlighted in the literature.

One key benefit 1s the early establishment of a common language between software developers and stakehold-
ers, which facilitates communication and improves the maintainability of the application. This 1s because the
terminology used 1n a specific domain 1s unlikely to change drastically in a short period. Another advantage
1s the ease with which a model built using DDD can be translated into software that emphasizes separation of
concerns, high cohesion, and low coupling—qualities widely recognized as essential for robust software design.

In his book Domain-Driven Design, Eric Evans(6] emphasizes that the most significant complexity in many
applications 1s not technical but lies in the domain 1tself. If this domain complexity 1s not adequately addressed
in the design, even well-conceived infrastructural technology will fall short.

0.2 DDD and Al: Enter L1L.Ms

One of the core principles of DDD 1s the creation of a ubiquitous language - a common vocabulary shared by
business experts and engineering teams. This vocabulary i1s expressed 1n natural language, making it a natural
fit for tools which process human language.

Large Language Models (LLMs) have emerged as powerful tools for natural language processing, capable of
understanding human language. This capability positions LLMs as potential assistants in the domain model
process. For example, LLMs can generate models or diagrams based on conversations with domain experts or
user stories, reducing the time and effort required to transform domain knowledge into technical models.

Model Parameters (Billions) Context Window (Tokens)
OpenAl ChatGPT

GPT-1 (2018) 0.12 Unknown
GPT-3 (2020) 175 2048
GPT-3.5 (2022) Not disclosed 4096
GPT-4 (2023) 1800 32,000
GPT-40 (2024) Not disclosed 128,000
Meta LLaMA

LLaMA 1 (2023) 7,13, 65 Unknown
LLaMA 2 (2023) 7, 13,70 4,000
LLaMA 3 (2024) Up to 405 128,000
LLaMA 3.1 (2024) 405 128,000
LLaMA 3.2 (2024) 1, 3, 11, 90 (Vision models) 128,000

Table 1: Evolution of ChatGPT and LLaMA models.[9][3][7]

Al Generated Domains: An Experiment

0.3 Can Al-generated domain models match the quality of those designed by human
experts?

We evaluated the outputs based on the following criteria when compared to human expert output:
e Accuracy: the capture of domain’s rules, relationships

e Completeness: include all necessary elements without omitting critical details

e Clarity: model 1s easy to understand

To explore this question, we selected 3 LLMs (Claude Sonnet[4], DeepSeek[2] and ChatGPT[8]) tools and
provided them with the same input: simple description of user stories on how to create a basic bank application.

Using a zero shot approach - where no examples or tags are given - we tasked the LLMs with generating
domain model specifications, including bounded context, aggregations, entities and value objects. We then
compare those results with the model generated by a human senior software engineer.

IME

1 Results

Table 1 displays scores given to each model following the simple evaluation criteria of how well do we think the
values generated by the LLMs match those of the human expert.

The final score represents the average of performance across four categories: bounded contexts, aggregates,
entities, and value objects. Each category was evaluated by comparing it to a human expert’s analysis, with
ratings ranging from 1 (low) to 3 (high). These individual ratings were then averaged to produce the final score.

Table 2 displays the scores given to each category.

Claude Sonnet DeepSeek Chat GPT

Accuracy o o o
Completeness e o
Clarity o o o

Table 2: Average score for each LLM

Claude Sonnet DeepSeek Chat GPT

Context o o o
Aggregate o o

Entities o © o
Value Objects o o o

Table 3: score for each LLM in 4 categories

2 Conclusion

Although domain modeling is not an exact science, the results generated by LLLMs demonstrate potential, often
coming closer to human-level outputs.

Through the experimentation, it was observed that LLLMs can assist in the domain modeling process by lever-
aging their natural language interpretation capabilities. However, their effectiveness heavily depends on the
clarity and completeness of the input provided. Unlike humans, LLMs lack the ability to enrich the input with
real-word context or domain-specific insights.

A key limitation of LLMs i1s their strict interpretation of the input without the capacity to question or validate
it based on deeper knowledge of real-world systems, such as how banking systems operate. On the other hand,
humans can draw on their experience and contextual understanding to refine and improve the model.

Despite these limitations, LLLMs can still provide value in DDD processes and practices, particularly in envi-
ronments where resources are limited, such as startups or small teams. They can generate preliminary speci-
fications and diagrams that serve as a starting point for event storming sessions with business experts. These
initial artifacts can accelerate the process of business understanding and the development of ubiquitous language,
ultimately saving time and effort in the early stages of domain modeling.

In conclusion, while LLLMs are not a replacement for human expertise, they are a good tool that can comple-
ment human efforts, especially in resource-constrained environments providing a foundation for collaboration
between technical teams and business experts. process of business understanding and the build of ubiquitous
language.

A Appendix

The full prompt that was given to the LLMs for performing this study can be found in the full article.
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