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Abstract. This work presents an AI-assisted environment that helps
developers design REST APIs using Large Language Models. The sys-
tem integrates retrieval-augmented generation with OpenAPI’s interface
to deliver a structured, dialogue-based design process. Developers can de-
fine endpoints, describe functionality, and generate specifications, while
the assistant searches for similar existing APIs to promote reuse. The
approach is evaluated using complex, domain-specific specifications from
a real-world project to assess its ability to produce valid and complete
API components. The solution has been applied to the needs of a large
financial institution to create compliant APIs for operations processing,
enabling rapid identification of existing internal endpoints and avoiding
duplicated work. The aim is to demonstrate practical value in supporting
developers through faster design cycles and more consistent specifications
in industrial environments.

Keywords: REST API design, Retrieval-augmented generation, AI-assisted
development

1 Introduction

Designing high-quality RESTful APIs is a critical yet challenging task in mod-
ern software engineering. The OpenAPI specification has emerged as a de facto
standard for describing REST APIs in a machine- and human-readable format.
Drafting these specifications by hand before implementation is common to en-
sure better-designed services. However, it is error-prone due to the verbose, rigid
syntax of YAML and JSON.

Recent advances in Large Language Models (LLMs) have shown promise in
assisting developers with coding tasks [10]. However, existing LLM-based assis-
tants often struggle with less common formats, such as OpenAPI definitions,
leading to incorrect suggestions [20]. Organizations with large API ecosystems
also face reuse difficulties [1]. With hundreds of internal APIs, developers may
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create duplicate services simply because they are unaware of existing ones. Some
companies maintain internal APIs with limited documentation, leaving teams
uncertain whether an API for a specific requirement already exists.

The work described in this paper was conducted within a large financial
institution that manages an extensive collection of internal APIs to support op-
erations and related services. Designing new APIs in this setting requires strict
compliance with security and regulatory requirements. Duplicate functionality
can arise when design teams cannot locate relevant endpoints. Rapid identifi-
cation of existing internal APIs during the design phase reduces redundancy,
lowers maintenance effort, and helps maintain consistent adherence to estab-
lished standards.

To tackle these challenges, we propose an AI-assisted REST API Design
framework that uses LLMs to accelerate the creation of new API specifications
and promote the reuse of existing APIs. Building on recent advances in LLM-
based agents for automation and knowledge-intensive tasks [25], our approach
integrates a Retrieval-Augmented Generation (RAG) pipeline with OpenAPI-
aware prompting and function-calling capabilities. The system can retrieve rel-
evant API documentation from a knowledge base of API specifications and pro-
vide it to an LLM. The model then assists the user in drafting or refining an
OpenAPI specification for a new service. The assistant produces structured out-
put to ensure that the generated specifications are syntactically valid and con-
form to a predefined schema. This approach reduces the risk of creating API
descriptions that fail to meet the required standards.

This work also presents an implementation that uses open-source tools and
custom modules. A vector database indexes a collection of OpenAPI documents,
enabling semantic search to locate relevant APIs. The LLM is configured with
OpenAI’s function-calling API to generate JSON snippets that match the Ope-
nAPI schema; these snippets are then combined into a working specification.
Automated validation is applied through linting rules and JSON Schema checks
to catch errors early in the process. The main contributions of this work are:

– We review the related work in software engineering AI assistants, API docu-
mentation and specification tools, automated API reuse, and LLM-powered
developer tools, positioning our approach within the state-of-the-art.

– We present a novel combination of RAG, semantic chunking, and structured
output prompting for API design. Our framework uses vector-based semantic
search over API specifications to inject relevant context. Furthermore, it
uses function calls to produce OpenAPI-compliant outputs, with iterative
refinement and validation in a loop.

– We demonstrate the implementation of an AI-assisted REST API design
approach that combines semantic chunking, retrieval-augmented generation,
and OpenAPI function-calling to both accelerate specification drafting and
actively promote reuse in a real-world setting in the financial sector with an
existing large-scale API ecosystem.

– We evaluate this setting with initial results using quantitative metrics and
qualitative developer studies.
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The remainder of this work is structured as follows: Section 2 presents the
background and related work. Section 3 describes the system architecture and
design. Section 4 details the implementation of our prototype. Section 5 discusses
evaluation design, developer studies, productivity impact, and limitations. Sec-
tion 6 concludes the paper.

2 Background and Related Work

This section reviews prior research on AI-driven developer assistants, automated
API documentation and specification tools, and techniques for semantic API
retrieval.

2.1 LLMs in Software Engineering

The application of LLMs to software engineering tasks has seen rapid growth
[5, 8, 28]. For example, recent studies on the specialization of code models [17]
suggest that augmenting pre-trained models can improve developer satisfaction
[21] and effectiveness in software engineering tasks [8].

Beyond code completion [6], researchers and practitioners have explored
LLMs in testing [2]. For example, LLMs can help generate formal specifications
from natural language requirements [14], bridging the gap between high-level
needs and implementation. Nonetheless, challenges such as domain-specific lan-
guage understanding and hallucination persist [7].

Software engineering assistants such as GitHub Copilot have been studied
extensively [4]. Recent research evaluated Copilot’s code generation and found
both benefits and limitations [18]. There are alternative approaches that mined
Stack Overflow and GitHub Discussions, reporting that while Copilot often pro-
vides useful code and boosts developer satisfaction, integration into existing
workflows can be complex [27]. Amazon’s CodeWhisperer3 offers similar AI ca-
pabilities. These tools excel at suggesting code in well-known languages but tend
to perform poorly on less common tasks. A recent study quantified this gap by
benchmarking Copilot on OpenAPI completion and found that it underperforms
[20].

2.2 API Documentation and Specification Tools

Documenting and discovering APIs has been a long-standing challenge. Tradi-
tional API documentation tools, such as Swagger4, focus on rendering human-
readable documentation from machine-readable specifications [3]. At the same
time, code-first frameworks generate OpenAPI specifications from source-code
annotations [12]. These approaches help synchronize implementation and speci-
fication, but do not alleviate the initial design effort if starting from scratch.

3 https://workshops.aws/categories/CodeWhisperer
4 https://swagger.io/
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To improve API quality, organizations often enforce guidelines for their API
spec linting tools and perform static analysis on documents to flag guideline
violations or inconsistent styles [22]. Some tools offer customizable rules that
ensure internal best practices are adhered to. We integrate such linting into our
workflow to provide feedback on the AI-generated specs.

Recent research has shown interest in automating the creation of API specifi-
cations. One notable work is SpeCrawler [13], which aims to generate OpenAPI
specifications from unstructured API documentation by combining rule-based
extraction and LLM generation. Prior rule-based methods struggled with the
heterogeneity of API docs, but LLMs enable more flexible parsing and gener-
alization. Then, a pipeline uses an LLM to interpret various sections of API
documentation and compose a formal specification. Our work involves the inter-
active creation of new APIs guided by high-level intents rather than generating
them from existing documentation.

2.3 API Search and Reuse

Discovering existing APIs that could be reused is a form of information retrieval
that historically relied on keyword searches in API directories [15, 16]. API Har-
mony [23] was an early attempt to facilitate API reuse in large organizations.
API Harmony built a graph of APIs and their relations (e.g., data models, func-
tionality overlap) and provided a search interface to find APIs by functionality.
The goal was to help developers identify, select, and consume internal or public
APIs that fit their needs.

Our approach modernizes API search by using semantic vector search. In-
stead of manually maintained graphs or simple text matching, we use embeddings
of API specifications to capture their functionality. This allows a developer to
query in natural language and retrieve relevant API definitions even if exact
keywords differ. RAG is a natural fit here since it has been widely applied to
knowledge-intensive NLP tasks [24]. It involves fetching documents relevant to
the query and feeding them into an LLM’s answer generation context [11, 9].

Moreover, treating OpenAPI specs as knowledge documents allows RAG to
be applied to the API reuse problem. This finds potentially useful APIs, and the
retrieved content can be directly cited or integrated, grounding the assistant’s
suggestions in real API contracts. RAG has the added benefit of reducing hal-
lucinations and providing traceability for the outputs [26], which is essential in
a critical domain like API design, where factual accuracy is important.

2.4 Contribution over the State-of-the-Art

Our work intersects with the broader landscape of LLM-based developer tools.
The reason is that LLMs are being integrated into IDEs and DevOps pipelines for
various tasks [7], including generating commit messages, providing automated
code review comments, and generating test cases from requirements [19]. The
idea of constraining the model to produce a JSON object that matches a provided
schema is to obtain output that is directly parsed and used by programs [2]. We
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employ this approach by defining a function schema for OpenAPI components
and instructing the LLM to invoke this function.

Early experiments required the model to follow a carefully crafted system
prompt to generate YAML output. When calling functions, our assistant can gener-
ate structured data that we then render into valid YAML. Recent OpenAI updates
even enable strict schema enforcement, ensuring the model’s output conforms to
the schema.

3 System Architecture

Figure 1 illustrates the architecture of our AI-assisted REST API design tool.
Our implementation comprises two key modules: (1) the API Retrieval Mod-
ule and (2) the API Design Assistant Module, supported by a (3) validation
component and (4) two user interfaces.

Fig. 1: System architecture of the AI-assisted REST API design tool
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3.1 API Retrieval Module (RAG Engine)

Since a large number of REST APIs already exists and can be reused, this
module is responsible for finding relevant existing APIs based on the user’s
query or design intent. It contains a Vector Index of API specifications: we
internally collected an OpenAPI corpus. We embedded them into vector space
using OpenAI’s text-embedding model. Each document is represented as a high-
dimensional vector such that similar APIs are nearby in that space. We use
FAISS as the backend for efficient k-NN search over these vectors. Given a user’s
prompt, the query is embedded, and the nearest neighbor specs are retrieved.

A naive approach of chunking by fixed tokens proved suboptimal since many
chunks contained only structural information (e.g., a list of parameter names)
with little semantic signal, leading to irrelevant retrieval results. Instead, we
implement a semantic chunking strategy: each API spec is parsed into logical
units (the high-level description, each resource path with all its methods, shared
components schema, etc.). For each unit, we generate a concise summary using
an LLM (GPT 4o). This is a natural language description of what that part of
the API does. These summaries are then embedded to populate the vector index.

Figure 2 shows how user queries are matched to relevant parts of YAML files
using vector embeddings and similarity search. Retrieved chunks are then pro-
vided to an LLM assistant for accurate, context-aware responses.

This technique helped to increase retrieval precision. Even specs that lacked
explicit documentation could be found because the LLM-generated summary
captured the intent of the endpoints. The retrieved results are passed to the next
module as contextual knowledge. We limit the number of retrieved documents
to avoid overloading the LLM context window; typically, the top-k relevant API
specs (or specific endpoints from them) are included.

3.2 API Design Assistant Module

The interactive assistant is powered by an LLM (GPT-4o). It operates in a conver-
sational loop with the user, similar to ChatGPT but specialized for API design.
We defined a dedicated system prompt to establish the assistant’s role:

You are an API design assistant helping the user create or modify an Ope-
nAPI specification. You can access documentation snippets of potentially
relevant APIs and an editable draft of the user’s API spec.

The assistant is given two forms of context at each turn: (a) the retrieved API
snippets and (b) the current draft specification (if one exists). The draft spec
context is included by serializing the in-progress YAML into the prompt or using
function arguments. Hence, the assistant knows the API’s context and what is
already defined. The assistant decides how to act based on the user’s request.
We implemented two modes of assistant responses:
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Fig. 2: RAG workflow adopted in our framework

1. Natural Language Guidance: In this mode, the assistant responds with
an explanation or suggestion, potentially referencing a retrieved API as in-
spiration. For instance: It looks like ImageService API has a similar upload
endpoint. You might consider a POST /images endpoint that takes an image
file as form data and returns a URL.

2. Spec Generation: In other cases, the assistant outputs OpenAPI specifi-
cation snippets (YAML or JSON) to be merged. This is enabled by function
calling5 that allows models to interface with external systems (tools). When
the assistant decides to propose a concrete change, it calls the function with
structured arguments.

5 OpenAI function calling: https://platform.openai.com/docs/guides/function-calling
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The chat completion API returns a structured JSON object describing the
new endpoint. Our system intercepts this response and transforms it into the
appropriate internal format. The function output is also shown to the user for
transparency. Using function calling with a strict schema guarantees that the
model’s output is syntactically valid and complete for endpoint generation.

3.3 Iterative Validation

After the assistant proposes changes, the modified OpenAPI spec is run through
a validation pipeline. We automatically check JSON schema validity against the
OpenAPI 3.1 schema. We also run a linter with a company-specific ruleset. Any
errors or warnings are fed back into the conversation.

For example, if the assistant generated a snippet without a response for HTTP
400, the linter issues a warning that a default error response is missing. The
assistant then suggests adding it, and the improved snippet can be regenerated
(the assistant is instructed to explain the issue and correct the spec). This vali-
dation loop ensures that each iteration produces a syntactically correct spec that
conforms to best practices. The assistant is instructed to apologize and correct
the spec if validation finds an issue (this mimics how a human would respond to
failing tests).

3.4 User Interface Integration

We integrated this system into two front-ends for evaluation. First, a Visual
Studio Code extension was developed. It provides a chat sidebar where the
developer can converse with the API Design Assistant. The extension syncs the
OpenAPI file with the assistant: the user can approve suggestions to apply them
to the file, and the assistant can read the current file to inform its following
answers. This tight IDE integration aims for a seamless workflow.

The second front-end is a web application built with React and Flask
backend. This was used to pilot the tool in a team setting. In the web UI, mul-
tiple users can collaboratively brainstorm an API design with the assistant. The
Flask backend orchestrates calls to the retrieval module and OpenAI API, and
the React UI displays the current spec (rendered visually using a Swagger-UI
component) alongside the chat interface. This setup is helpful for demonstra-
tions, as it does not require installing an IDE plugin and works in any browser.

4 Implementation Details and Lessons Learned

Our implementation required effort and custom development of (1) an indexed
OpenAPI corpus for the RAG, (2) prompt engineering with tailored templates,
and (3) a web-based multi-user interface to the AI-based assistant.
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4.1 OpenAPI Corpus and Indexing

We collected an initial set of YAML files from public repositories, excluding trivial
or duplicate entries. We cleaned this dataset by filtering out invalid files and those
that were not in the OpenAPI format. To provide high-quality data for retrieval,
we linted all specs with OpenAPI ruleset; about 15% were discarded due to sig-
nificant errors (unparseable or too incomplete). The final corpus spans diverse
domains, providing a basis for reuse suggestions. We then constructed embed-
dings for these documents using OpenAI’s text-embedding-ada-002 model.

After that, we applied the semantic chunking strategy described earlier rather
than embedding all specifications (which often exceed token limits). We devel-
oped a script to iterate over each spec and break it down into the following com-
ponents: the info section, each tag group of endpoints, each path (if needed), and
each schema component. For each chunk, we prompted GPT-4o with a specific
instruction to generate a summary documentation.

These summaries and key metadata (such as the API file and section from
which they originate) were then embedded in vectors. We used FAISS for fast
similarity search due to its balance of speed and recall, which is particularly
well-suited to our dataset size.

We also experimented with the Chroma vector DB, which wraps FAISS and
provides persistence and embedding management. Both yielded similar perfor-
mance, but we opted for FAISS for better control over indexing parameters.

4.2 Assistant Prompting and Tools

The design of the system prompt for the assistant went through many iterations.
Our latest version that yielded the best results is:

You are an expert API designer AI. You will be given: 1. the current API
draft or an empty draft, 2. user requests or questions, and 3. snippets from
other APIs (as inspiration or reference). Your job is to help the user create
a correct OpenAPI specification. You might explain the reasoning, but
when appropriate, you should directly provide the spec changes (in YAML)
required to implement the request. You have tools to output structured
changes (endpoints, schemas, etc.). Do not produce code unrelated to the
API spec. Ensure all YAML is valid and complete.

In addition, we also provided several examples in the system message (few-
shot learning) of how the assistant should behave. One example shows the assis-
tant adding a new endpoint, and another shows it suggesting using an existing
API instead.

We also maintain the state between user interactions. When the user accepts a
suggestion, the spec state updates, and the latest specification must be provided
in the conversation if the user requests a follow-up (e.g., if the user requests Now
add an endpoint to delete an image). Therefore, our implementation stores the
current spec in memory and extracts the relevant parts to include in the prompt.
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The prompt template uses placeholder tags like @paths.*.summary to pull
in summaries of all existing paths from the draft, so the assistant is aware of
them. To achieve this, we developed a small templating system to map these
placeholders to JSONPath queries on the spec.

4.3 Integration with Flask and React

The Flask backend wraps the retrieval and LLM calls behind a REST API.
Key endpoints include: /query (for a user question, which triggers retrieval and
LLM processing and returns the assistant’s answer along with any spec changes),
/validate (runs the linter and schema validator on the current spec), and /spec

(to fetch or update the working specification). We also used Flask-SocketIO to
push real-time updates to the client.

The React frontend consists of a chat panel and a preview panel. For the
preview, we integrated the Redoc and Swagger-UI components, which render the
OpenAPI document in a visually structured format. This allows the users to view
the evolving specification as documentation—users can even try out endpoints
if a mock server is configured.

A key implementation detail was supporting multi-user sessions: users were
identified by a session ID, and we maintained separate spec states per session.

Figure 3 shows the workflow for our assistant to help developers design and
validate OpenAPI specifications. User queries are processed through an RAG
engine, and proposed spec changes are validated before being saved to the spec-
ification database.

5 Evaluation and Discussion

Evaluating an AI-assisted design tool involves assessing both the quality of the
artifacts produced and the experience of developers who use it. Our first results
from pilot testing in a lab setting indicate that the assistant can reduce the
number of validation iterations by about 30–40%, with an expected time sav-
ing of 25–35% in producing a complete specification. For the involved company,
these gains can help to considerably lower development costs and shorten de-
ployment cycles. However, subsequent evaluation within the company is required
to confirm these estimated gains in real-world scenarios.

5.1 Pilot Testing

We are currently performing the first pilot tests in a lab setting in close cooper-
ation with the industry partner. The retrieval module is examined in isolation
using a benchmark of query scenarios based on realistic reuse cases, as described
in [11]. Each query has a ground truth set of relevant APIs identified by the
authors. Standard metrics, such as recall, mean reciprocal rank, and semantic
relevance scores from an independent reviewer, are applied.
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Fig. 3: Architecture for integrating RAG and automated specification validation

The quality of OpenAPI specifications created with the assistant’s support
is assessed through correctness and completeness. Correctness is determined by
validation checks, recording the number of iterations required for a specification
to pass all tests. Completeness is measured against predefined requirements for
each task. A set of synthetic API design tasks is used, with reference specifi-
cations prepared manually. The assistant processes each task, and the resulting
specifications are compared with the references using precision and recall met-
rics for required endpoints and error case coverage. Text similarity and schema
similarity measures are applied to examine how closely the assistant’s output
matches the reference designs.

Currently, the pilot testing phase is run in a lab setting only, as it is out
of scope for the company to use third-party-hosted LLMs for sensitive corpo-
rate API data. If our assistant uses proprietary APIs, sending their specs or
descriptions to an external API could pose risks. While we use OpenAI’s API,
one could substitute it with a locally hosted LLM for enhanced privacy. The
trade-off would be the cost of running and possibly lower quality for some tasks.

Another aspect is the correctness of the AI’s knowledge. Suggesting an in-
secure design or referencing a deprecated API without warning is considered a
blocking issue. We thus plan to incorporate some safety checks. For instance,
our corpus could be annotated with deprecation info, and the assistant could be
prompted to favor newer APIs. There is also the concern of overdependence: De-
velopers should still be trained in API design fundamentals and not just accept
output that they do not fully understand to avoid the propagation of errors.
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5.2 User Study Design

As a next step, we plan to migrate the AI-assisted REST API design tool to a
company-hosted environment, including an on-premise LLM solution. Based on
this setting, we will perform a user study with developers and domain experts
in a real-world project context. The design for this study is outlined below.

Developer Experience Evaluation. A key part of the planned evaluation is
a user study with developers. It will assess the tool’s impact on productivity and
satisfaction. Participants will complete an API design task in a controlled setting.
A within-subjects design will be used, in which each participant completes one
task with the AI assistant and another without it, with the order randomized to
reduce learning effects. The tasks will be of similar scope. One scenario will be
based on the needs of a large financial institution that develops secure, compliant
APIs for operational processing.

The evaluation will record the time taken to complete each task and the
quality of the final specification, using either expert review or a checklist of
required elements. A usability survey will be given, including questions such
as: Did the assistant help you find useful existing APIs? Did it save time when
writing the specifications? How was the quality of its suggestions? Did you trust
the suggestions or verify them before use? Interaction data will also be captured,
including the number of prompts, the number of iterations required to correct
errors, and other relevant measures.

With the assistant, users are expected to complete tasks more quickly and
produce specifications that are at least as complete as those created manually,
with greater confidence in meeting format and compliance requirements. The
study will also examine potential adverse effects, such as cases in which the as-
sistant produces convincing but inaccurate suggestions. These qualitative aspects
will be gathered through interviews conducted after the tasks.

Impact on Developer Productivity. An AI assistant could change how de-
velopers approach API design. Instead of navigating through internal wikis or
asking, Does an API for X already exist? They can get an answer in seconds
using our RAG approach. This lowers the barrier to reuse, ultimately reducing
duplication across an organization’s services.

One interesting side effect is the potential for such an assistant to serve as
organizational memory: corporate APIs that have historically been underutilized
may gain more adoption if the AI consistently surfaces them when relevant.

From a spec writing perspective, the assistant encourages best practices.
However, there is a risk of over-reliance: developers might not learn the ins and
outs of OpenAPI if the AI always does it for them, which could be problematic
when the AI is unavailable or when debugging an issue. This parallels concerns
in code autocomplete tools, where developers may lose some lower-level coding
skills. The trade-off is worth it if it frees up time for higher-level design thinking.
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Quality of AI Suggestions. Our approach prevents hallucinations by ground-
ing the model with real data and using function constraints. However, subtle
issues can still arise. For instance, the assistant might suggest an existing, re-
lated API that is not a perfect fit, potentially leading a team down a path of
trying to adapt something that is not worth adapting. Final decisions on reuse
remain with the developer. For this reason, we see the assistant as augmenting,
not replacing, the human in the loop.

In our experience, the best outcomes came when the user operated the frame-
work as if it were a junior assistant, accepting its good suggestions and redirect-
ing it when it was off track. If users accept everything, they might end up with
an API that technically works but is not conceptually cohesive. Thus, tooling
should encourage a critical review of the AI’s output.

Workflow Integration. For real-world integration, this assistant must seam-
lessly integrate with existing tools and systems. Developers typically use a range
of tools, including an IDE, a source control system, and CI/CD pipelines.

Our framework is a step in this direction, but further integration points
could be explored for enhanced functionality. For example, a Git pre-commit
hook could run the assistant in validation mode. Whenever an OpenAPI file
changes, it could automatically suggest improvements or catch mistakes.

Similarly, within API management platforms, an AI assistant can help popu-
late documentation or create initial specifications based on a few inputs. We also
consider the possibility of an AI-assisted review process for APIs. When a team
submits an API design for review, an AI agent could act as a reviewer, flagging
potential issues or asking clarifying questions. Our current assistant already has
some of this capability, as it is familiar with best practices.

5.3 Limitations

Our current work focuses on REST APIs using OpenAPI. A natural extension
is to consider other interface description language for event-driven systems. The
techniques would largely transfer, though the retrieval content and the output
schema would differ.

Another limitation is that our framework does not directly integrate with
actual code implementation. After designing the API specification, developers
implement the service throughout the whole development lifecycle. However, we
plan to address this in future work by incorporating tooling that connects the
specification to code generation and validation processes.

A future system where the same assistant, having helped write the spec, can
also generate skeleton code and possibly even some application logic. There is
also room to use the source code when designing an API for an existing system,
e.g., parsing code to extract potential API endpoints. Our documentation refine-
ment sub-project attempted something related by linking source code to existing
specifications, ensuring documentation and specification completeness. This also
enables automated checks that keep the spec, code, and related artifacts aligned
during design and maintenance.
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6 Conclusions and Future Work

We have presented a novel framework for AI-assisted REST API design using
LLMs. Our approach combines the retrieval of existing API knowledge with
guided specification generation, addressing two key challenges: allowing devel-
opers reuse existing knowledge before reinventing it and easing the burden of
writing correct OpenAPI specifications. The rationale for integrating techniques
like RAG is to facilitate OpenAPI function calls for structured output and rigor-
ous schema validation. Pilot testing indicates possible gains in speed and quality,
with fewer risks of non-compliant or redundant endpoints. The method can be
adapted to other sectors with large API ecosystems, offering a practical means
to deliver APIs more efficiently in enterprise software engineering. It can even
be integrated into enterprise API governance workflows, offering immediate val-
idation and reuse recommendations within CI/CD pipelines.

Our approach helps improve software development practices by assisting
teams in drafting consistent API specifications early in the development pro-
cess. It works with existing developer environments, including editors and vali-
dation steps, lowering the chances of missing elements or duplicating prior work.
Automated checks and reuse suggestions allow faster progress without reducing
quality. This aligns with standard DevOps methods that favor short feedback cy-
cles and repeatable steps. The system also helps teams stay coordinated during
API design and implementation. Its structure and components are described in
detail, along with related work on software engineering assistants, specification
tools, reuse approaches, and the use of LLMs in development.

This work also opens up several lines for future exploration. One is the adap-
tation of software design to other domains. If LLMs can assist with API specs,
they can also help with database schema design or the synthesis of configuration
files, especially when there are extensive catalogs of existing artifacts to learn
from. Another possible line is deeper IDE integration and even more interactive
experiences. From a research perspective, our study contributes to understand-
ing how AI can be effectively incorporated into software design workflows. This
area will become increasingly important as AI capabilities continue to advance.
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