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ABSTRACT Software development is becoming increasingly AI-driven, raising questions about the role of traditional software
engineering in this new paradigm. Exploring how advanced AI tools can enhance professional development practices beyond
casual use, such as vibe coding, is our responsibility as software engineers. In this paper, we synthesize existing concepts in
spec-driven development (SDD) and model-driven engineering (MDE) to propose a framework that treats specifications as
abstract models, even if expressed in free-form natural language. We argue that integrating free-form and structured natural
language specifications with model-driven engineering can improve the impact of AI agents in software development, making
them more accessible and effective alongside human developers. To enable effective interplay between humans and agents,
we foresee a three-step integration, starting from a simple interoperability bridge to embedding each other’s best practices to
finally a unified single development platform for everybody.
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1. Introduction
Advances in generative artificial intelligence – especially large
language models (LLMs) – are reshaping many disciplines,
including software engineering. Both general-purpose LLMs
(like those of the GPT family, Gemini, Llama, or Mistral) and
code-oriented LLMs (like Claude, Codex, Code Llama, or Star-
Coder) have shown remarkable usefulness for programming
tasks like code generation, code understanding, or test case
synthesis (M. Chen et al. 2021; Jiang et al. 2026; Schäfer et al.
2024).
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In recent years, the use of LLMs for software development
has evolved beyond prompting general-purpose conversational
systems such as ChatGPT or Gemini, which programmers ini-
tially employed for coding assistance. These models have since
been incorporated into integrated development environments
(IDEs) as embedded programming assistants. Representative
systems include GitHub Copilot (GitHub 2021), Tabnine (Tab-
nine 2026), Amazon Q Developer (Amazon Web Services 2024),
and Caret (Contreras et al. 2026), among others. Within these
environments, LLM-based assistants support developers by
automating tasks such as code completion from natural lan-
guage prompts, documentation generation, and code refactoring.
These assistants accelerate the development process, while be-
ing aware of the development context (Ziegler et al. 2024).

Still, more recently, agentic AI emerged as an enabler of
an even higher level of automation. LLM-based agents (cod-
ing agents, e.g., Claude Code (Anthropic 2024)) use a ReACT
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prompt-style loop (Yao et al. 2023) to be able to use external
tools to interact with the environment. When applied to software
development, agents are provided with an extensible set of tools,
e.g., file system tools (to read or create files), terminal/shell exe-
cution tools, compilers, and static analysis tools, among many
others (Wang et al. 2025). These agents, often available via
web platforms – like Lovable (Lovable 2026), Base44 (Base44
2026), or Bolt.new (StackBlitz 2026) – allow users with no
technical profile to create software just by using natural lan-
guage. This way, the term vibe coding emerged to describe code
generated from improvised prompts and chat-based interactions
with software agents (Karpathy 2025; Meske et al. 2025), e.g.,
via Cursor (Anysphere Inc. 2022).

Today, the software industry is increasingly adopting AI-
based development (Apostolou et al. 2026; Jellyfish 2025).1

Processes and practices to make AI-based development fit for
professional development – beyond vibe coding – are starting
to emerge. This trend is known as spec-driven development
(SDD) (Delimarsky 2025), and its idea is to base development
on specifications: natural language descriptions of functional-
ity, non-functional requirements, and architectural constraints,
often encoded in Markdown files, that guide agents in their soft-
ware construction tasks. Contemporary tools such as OpenAI’s
Codex (OpenAI 2025), GitHub Spec Kit (GitHub 2025), Open-
Spec (Fission AI 2025), or Kiro (Amazon Web Services 2025)
can now autonomously generate, modify, and validate software
artifacts from high-level instructions.

All these technologies mentioned above exemplify an in-
creasingly rich ecosystem of AI-supported development envi-
ronments, ranging from conversational assistants that react to
developer prompts to more autonomous agentic systems capable
of planning and executing development tasks.

On reflection, model-driven engineering (MDE) (Brambilla
et al. 2017) shares many principles with SDD, in particular the
goal of automation, and the use of interrelated artifacts – with
a high-level of abstraction – to build the final system, often by
code generation. As key industry players are investing heavily
in AI-based automation with agents, one may wonder in this
current context: “What will be the role and relevance of model-
driven engineering for software development?”

While LLMs have been applied to MDE tasks, e.g., the gen-
eration of domain models (K. Chen et al. 2023; Cámara et al.
2023; Mercado et al. 2025), goal models (B. Chen et al. 2023),
and sequence diagrams (Jahan et al. 2024), but also for model
completion (Chaaben et al. 2023; Almonte et al. 2026), the
integration of MDE and SDD has not yet been explored in
greater detail (Feng et al. 2026). The goal of this paper is to
align SDD and MDE by reflecting on the fact that SDD spec-
ifications are actually models, but expressed in free-form and
structured natural language. Hence, building upon this idea,
we propose a structured vision for integrating MDE and SDD.
In particular, we claim that while SDD artifacts target agents,
these – often long and repetitive – textual artifacts may be hard
to digest by human developers. Moreover, SDD specifications
can cover aspects that might be contributed by different stake-
holders with different expertise. This context requires proper
1 https://survey.stackoverflow.co/2025/ai

separation of concerns, abstraction engineering, and support
for analysis and design space exploration, which MDE can pro-
vide. Hence, abstracting SDD specifications as models – and
providing a bidirectional bridge between them – would make
SDD a more human-centered paradigm, enabling a more natural
collaboration between teams of humans and agents. To this end,
we propose a conceptual model that enables the integration of
MDE and SDD to further support such collaboration.

The rest of this paper is organised as follows. Section 2
exposes the problem statement. Section 3 describes the envi-
sioned interplay between MDE and SDD, and Section 4 ends
discussing future plans.

2. Problem Statement

The capabilities of a coding agent are achieved through the
combination of two elements: an LLM and a harness. The
LLM serves as the underlying engine, executing tasks based
on the instructions and context. Meanwhile, the harness is a
software framework that envelops the LLM to steer LLM output
into the right direction. It provides features such as an over-
all strategy, problem decomposition into subgoals and tasks,
subtask orchestration, knowledge-base management (short and
long-term memory), context management (retrieval-augmented
generation, context compression), and access to external APIs
(model-context protocol (MCP) (Model Context Protocol Con-
tributors 2025)), tools, and resources (file system access, web
browsing, code execution) regulated by user-defined privileges.
Moreover, agent capabilities and behavior can be customized
and extended by the user in several ways, either by provid-
ing system-level prompts (often described using terms such as
“soul”, “constitution”, or “steering”), defining programmed ac-
tions triggered by development events and milestones (hooks),
or creating or importing reusable workflows (skills) that can in-
clude code execution or the usage of external tools. Finally, the
harness may also provide observability features to let the user
understand, monitor, and control the coding agent’s activities.

While vibe coding (see Figure 1) is highly effective for ex-
ploratory prototyping, such approaches often suffer from limited
traceability, architectural drift, and weak support for large-scale
projects. In response, the SDD harness introduces explicit in-
termediate artifacts (typically structured Markdown specifica-
tions such as requirements, design descriptions, task decom-
positions, or steering files) that become the primary medium
through which human intent is captured and subsequently in-
terpreted by agents. In systems such as Kiro, a feature request
may be transformed into a sequence of specification artifacts
(e.g., requirements.md, design.md, and tasks.md). Each one
represents a complementary view of the software development
process, from analysis to design to implementation, co-existing
as explicit models that are created, maintained, and kept consis-
tent by specialized agents throughout the engineering lifecycle.
In this sense, SDD shifts AI-assisted software development
from spontaneous prompt-centric interactions to a more explicit,
model-centric process. In this process, specifications serve
as persistent, machine-manipulable artifacts that drive various
agents.
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For decades, MDE has advocated a development lifecy-
cle centered around models as first-class engineering artifacts.
Through abstraction engineering (Bencomo et al. 2024) and
separation of concerns, MDE promotes the construction of
models that make systems understandable and analyzable, and
that can be transformed by explicitly representing different
viewpoints of a system (Combemale et al. 2016). Models in
MDE primarily serve human engineering activities: they sup-
port reasoning, analysis, communication, design exploration,
verification/validation, traceability, and collaboration among
stakeholders, while automated transformations leverage these
models to derive downstream artifacts. The value of models in
MDE, therefore, lies not only in automation but also in their role
as shared cognitive and collaborative abstractions that bridge
multiple engineering concerns.

Interestingly, SDD exhibits several structural similarities
with this model-centric vision as illustrated by Figure 1. Like
MDE, SDD organizes software development around explicit
intermediate artifacts that progressively refine intent into im-
plementation. Requirements specifications, design documents,
task graphs, rule files, and contextual steering artifacts all func-
tion as abstractions that mediate between high-level intent and
executable software. However, unlike MDE, SDD emphasizes
these specifications as machine-grounding artifacts for agentic
execution (e.g., harness engineering), optimized primarily for
machine consumption rather than human cognition and sepa-
ration of concerns. In practice, these artifacts are often main-
tained as lightweight Markdown files, which are particularly
well suited to agentic workflows because they can be directly
consumed, generated, and updated by AI agents. Yet, they
also tend to be verbose, to mix multiple concerns within the
same artifact, and to provide only limited support for explicit
abstraction boundaries and separation of concerns. By contrast,
models in the MDE sense are specifically designed to provide
abstractions, viewpoints, and separation of concerns, thereby
supporting structured reasoning over complex systems. Their
drawback is that progressing from these abstractions toward ex-
ecutable artifacts often requires explicit and potentially sophisti-
cated model transformations, which may introduce substantial
engineering complexity. In other words, while MDE models are
typically engineered to improve human understanding, modular-
ity, and coordination, SDD artifacts are increasingly engineered
as operational contexts for autonomous agents. This suggests a
potentially complementary relationship between the two: SDD
provides lightweight, agent-friendly representations for harness
engineering, whereas MDE provides principled mechanisms for
abstraction and separation of concerns, at the cost of a tradition-
ally heavier transformation infrastructure.

This reveals a paradox. MDE and SDD both rely on model-
centric development lifecycles, yet they embody complemen-
tary and largely disconnected assumptions. As a consequence,
current AI-assisted software development often underutilizes
decades of advances in MDE in abstraction engineering, trace-
ability, viewpoint management, interoperability support, con-
sistency preservation, system analysis, and design space explo-
ration (see Figure 1). Furthermore, MDE employs deterministic
transformations (M2M in Figure 1), while LLM-based genera-

tion is inherently non-deterministic ( in Figure 1). Conversely,
traditional MDE workflows do not yet fully exploit autonomous
agents as active collaborators capable of reasoning over models
and participating in engineering activities.

This gap motivates the need for a deeper integration between
MDE and SDD. Rather than treating humans as prompt authors
and agents as code generators, or treating models solely as docu-
mentation or transformation inputs, we envision a model-centric
software engineering process in which humans and agents col-
laboratively co-engineer software through shared or aligned
abstractions. Such an integration could elevate human-agent
interaction to genuine human-agent collaboration, in which
MDE abstractions provide rich, explicit, and structured rep-
resentations for agents, and agents, in turn, augment human
reasoning, exploration, and automation across the software de-
velopment lifecycle. In this perspective, models become not
merely artifacts manipulated by either humans or agents, but
shared collaboration media that amplify the capabilities of both.

3. Envisioned Interplay of MDE and SDD
As stated above, MDE and SDD have strong parallelisms but
target different users: human vs agents. Neither of the two has
been designed to target mixed teams where humans and agents
need to interact and collaborate, which is a real need once we
move from vibe-coded apps to complex system development.
To enable effective interplay between humans and agents (and
between MDE and SDD), we propose a three-step integration,
from a simple bridge to a single unified development platform
that can be used by both.

3.1. Interoperability Bridge
The first step is to facilitate communication and interoperability
among all team members, regardless of their role. Each team
member works with the “concrete notation” they prefer, be it a
Markdown file or any type of modeling representation. While
it is true that humans can read Markdown files, this format is
not ideal for human comprehension: the idiom “a picture is
worth a thousand words” is particularly fitting here (in this case,
“picture” refers to “a more abstract representation”, i.e., broader
than images). Similarly, while agents can understand images,
this is not an optimal format for them and requires multimodal
capabilities to process image content. Furthermore, some team
members may require distinct abstractions, which do not need
to be represented for other team members. This requires a
bidirectional transformation between the two, which could be
decomposed into the following components, and needs to con-
sider that different but aligned abstractions may be required for
SDD and MDE activities:

– A new SDD metamodel representing the common abstrac-
tions used in SDD files. This metamodel would enable the
representation of different types of SDD files as instances
of a generic metamodel, facilitating the implementation
of MDE approaches across different agent families and
simplifying the migration of a project to a different coding
agent without requiring a “cold restart”.
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Figure 1 Commonalities and variabilities of vibe coding, SDD, and MDE

– A text-to-model (and the corresponding model-to-text)
transformation from the Markdown file to the SDD meta-
model (and vice-versa). As part of this transformation, we
would need to parse natural language text and identify ab-
stractions in the metamodel from free-form and structured
textual descriptions. The accompanying text also needs
to be stored as additional information to regenerate the
original file at all times.

– A model-to-model bidirectional transformation from the
SDD metamodel to the target modeling language (e.g.,
UML). This transformation may be only partial if some
abstractions do not need to be shared between the two, as
they are considered relevant only to one type of participant.

We analysed the specification mechanisms of three tool-
supported SDD approaches: GitHub Spec Kit (GitHub 2025),
Kiro (Amazon Web Services 2025), and OpenSpec (Fission AI
2025), as summarised in Table 1. As illustrated by Figure 1,
all three approaches follow a similar, high level, four-stage pro-
cess: requirements elicitation, system design, implementation
planning, and subsequent code generation.

A key characteristic of these SDD approaches is that specifi-
cation artifacts (e.g., Markdown documents) are not typically
authored manually from scratch by developers. Instead, they are
generated by the tool or agent based on high-level user inputs,
often iteratively refined through interactive developer–agent
exchanges. In this interaction loop, the developer provides ini-
tial goals, constraints, or partial descriptions, while the agent
incrementally produces structured specification artifacts. The
developer may then review, correct, or extend these outputs,
leading to an iterative co-construction process rather than a
one-shot specification phase.

In the requirements phase, all approaches are based on re-
quirements lists and scenarios. Kiro and GitHub Spec Kit also
use user stories, and GitHub Spec Kit includes lightweight do-
main models already in this phase. Meanwhile, in the design
both Kiro and GitHub Spec Kit make heavy use of models (en-
coded as text in the Markdown), including domain models, data
models, architecture diagrams in Mermaid format (Mermaid
2014), state machines, and contracts among others. Finally, be-

Table 1 Specification mechanisms of SDD approaches
SDD Requirements Design Impl.

Plan

GitHub
Spec Kit

Requirements
List

Data model Task
model

User stories State machines

Scenarios Contracts

Domain model

Kiro Requirements list Domain model Task
model

User stories Data model

Scenarios Architecture diagram

Glossary Components descrip-
tion

Test strategy

OpenSpec Requirements list Goals, non-goals Task
model

Scenarios Risks

fore generating code, all approaches produce an implementation
plan, made of a sequence of tasks with detailed information for
each one.

Figure 2 shows a consolidated metamodel that includes the
elements found in each approach, divided into four packages:
SDD-core, specs, design, and implementation. The figure uses
both color codes and annotations to convey which approach uses
each element. That is, the metamodel shows the comparative
union of elements found in each approach. A pivot, unified
metamodel is the subject of future research.

The SDD-core package shows that all approaches use re-
quirements (Spec), design, and implementation plans. There
are small differences, though. OpenSpec breaks upfront the
requirements into several Specs, providing separate specifica-
tions for each. In addition, GitHub Spec Kit creates design
and implementation plans specifically for each Spec, while for
OpenSpec and Kiro these are global documents.
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Figure 2 SDD metamodel based on GitHub Spec Kit, Kiro, and OpenSpec

At the requirements stage (package specs), all approaches
rely on requirements lists (Requirement). Each of these
requirements includes WHEN/THEN scenarios in OpenSpec
(Scenario). Instead, Kiro and GitHub Spec Kit separate them
into user stories, with Gherkin scenarios (GIVEN/ )
as used in behaviour-driven development (Adzic 2011). In addi-
tion, GitHub Spec Kit produces descriptions of domain entities
(Entity with Attributes), assumptions, outcomes, and edge
cases. Instead of a domain model, Kiro includes a glossary with
the domain vocabulary.

The design package shows that specification mechanisms
for this phase are more varied. The simplest approach is the
one by OpenSpec, which only provides contextual descrip-
tions, (non-)goal descriptions, risks, and open questions. In-
stead, the other SDD approaches embed models at this stage:
state machines, a data model (DataEntity with Fields, and
RelationshipDesc), architecture diagrams (in Mermaid for-
mat in the Markdown), description of components (interfaces,
UI elements, controller classes), properties and contracts, and
test plans (TestingStrategy). GitHub Spec Kit also includes

a low-level design mapping from data entities to implementation
classes (e.g., in Java).

In the implementation package, all approaches use a list
of tasks organised in phases. Kiro includes more detailed
steps, and traces each Task to the related Requirements and
properties. Instead, GitHub Spec Kit traces Tasks to user
stories. Both approaches provide additional information on
how to execute the plan, organising parallelisable tasks into
ExecutionWaves (Kiro), or providing explicit dependencies
and parallelisation relations (GitHub Spec Kit).

As a concrete example, Table 2, summarises the specification
and code size generated by each SDD approach, when building
a simple application to handle cooking recipes. The initial
prompt and the design instructions used in the following phase
are indicated at the bottom of the table. For specification and
code generation, we used Spec Kit, Kiro, and OpenSpec
atop Claude Code CLI, using Sonnet (and/or Opus for Kiro) as
the underlying LLM.

As hinted by the metamodel of Figure 2, OpenSpec is a
much lighter SDD approach than the others. This is noticeable
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Table 2 Specification and code size generated by each SDD
approach on a sample project

Markdown Files GitHub Spec Kit Kiro OpenSpec

Number of Files 8 3 10

Number of Lines 1,027 869 450

Number of Words 6,998 6,248 3,869

Generated LOC 1,032 3,754 1,162

Initial prompt: I am building an application to create and manage cooking
recipes. The application should list recipes, organised by different tags, like
vegetarian, or vegan; but the tags should be extensible. Each recipe has a name,
description, ingredients, number of people and instructions. The application
should allow flexible search for recipes, create new recipes, and enable annota-
tions of the recipe. The application is mono-user, and recipes are stored locally.
Design instructions: The application should be Java/Swing with as few de-
pendencies as possible. No databases, but persistence should be in JSON. The
application should be created in a standard Eclipse project.

in its fewer metamodel elements and in its smaller Markdown
file size. On the other hand, Kiro and GitHub Spec Kit gen-
erate much larger specifications. Kiro generates much more
code, and this is due to the fact that it is the only SDD ap-
proach that generates testing code (as hinted also by the detailed
TestingStrategy in the metamodel). From the 3,754 LOC,
1,648 are for testing. Finally, of the three applications, the
one generated by OpenSpec had problems persisting recipes,
while the other applications worked with no problems. The
code, specs, and extracted data of the projects are available at
https://github.com/jdelara/SDD_MDE/.

With this conceptual model now in place, MDE practices
can be realized on top of it, such as separation of concerns,
abstraction engineering, collaboration and interoperability, sup-
port for analysis frameworks, and design space exploration
(see Figure 1). This vision requires translating the natural lan-
guage text found in specs to models and back. For this pur-
pose, we can profit from works on bidirectional transformation
approaches (Hidaka et al. 2016), and on blended modeling ap-
proaches (Ciccozzi et al. 2019). While specs in Markdown
provides some structured support – especially when models are
explicitly embedded in fenced blocks – more powerful transla-
tion approaches (probably based on AI) should be investigated
in future work.

3.2. Embedding Each Other’s Best Practices
The aforementioned bridge can be considered a pragmatic, op-
erational interoperability solution. But there is not yet cross-
fertilization that could improve either of the two independent
paths.

Given that SDD is a recent development and is still evolving
in response to the needs of the SE community and expertise of
the AI community, it could benefit from the broader experience
and lessons learned by the MDE community over many years.
In particular, we highlight the following practices that could
extend current SDD practices:

– Separation of Concerns. Right now, SDD often generates
single Markdown files. While it is true that LLM contexts

allow direct ingestion of large files, long context windows
still represent a challenge. To aid human understanding,
it would be better for agents to create separate files for
each abstraction perspective, with a single index file that
redirects the agent to the appropriate file based on the task
at hand. Please note that OpenSpec divides requirements
into several files, based on system features, rather than
according to the principle of separation of concerns.

– A refinement of the abstractions to be made explicit in SDD
files to enable greater analysis and exploration capabilities.
SDD files tend to cover very well goal decomposition
as well as structural and architectural aspects, but, for
instance, behavioral information is often described in a
much more fuzzy way. Only GitHub Spec Kit includes
state machines, which is a step in the right direction.

– Model-based analysis and verification. Representing SDD
artefacts as proper models could enable the reuse of estab-
lished model-based analysis and verification methods and
tools (Cederbladh et al. 2024; González & Cabot 2014;
Heinrich et al. 2021), potentially strengthening reliability
assurance in agentic systems. These tools could be exposed
to agentic systems as specialised skills. This vision aligns
with recent calls in software engineering for integrating
AI-based development with formal methods (Meyer 2026).

Similarly, MDE can also learn from SDD. The fact that some
abstractions are very present in SDD and not so much in MDE
(e.g., modeling what the software is NOT about, such as Open-
Spec’s non-goals) should also be taken into consideration by
the MDE community as these are aspects that we may want to
integrate into standard MDE practices, especially in a context
where the cost of producing some of these models could also be
diminished thanks to the collaboration of the agents themselves.
Note that modeling effort has always been linked to the return
of investment of such models (i.e., how much benefit one can
get by leveraging them later on in the development process, e.g.,
as the input to automatic code-generation processes or sophis-
ticated analysis frameworks). If the cost of modeling would
indeed decrease (yet another aspect that requires empirical vali-
dation; see Section 4.2), we can afford to model more concerns,
especially those that agents in SDD consider valuable.

3.3. One Single Platform for Everybody
The previous steps enable communication between the SDD
and MDE paths and enrich each with lessons learned from the
other. But they are still two parallel paths that synchronize
periodically.

A real integration would require real-time collaboration in
a single live development platform able to mix all kinds of
concrete notations to show to each type of user the best repre-
sentation depending on the user profile and the abstraction at
hand. Live and exploratory modeling editors (Döderlein et al.
2026) have been tried before, and projectional editors (Voelter
et al. 2014) have shown the ability to mix different notation
styles over a common metamodel. Coming from the AI / data
science field, Jupyter-like interactive notebooks (LF charities
2015) have shown the usefulness and practicality of combining
textual descriptions with executable and dynamic cells. A new
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type of modeling editor that combines all these ideas and targets
both humans and agents would be a logical next step in this inte-
gration. Such development platforms will blend free-form and
structured Markdown-based specifications with live graphical
modeling editors, allowing human developers and autonomous
agents, orchestrated through Multi-Agent System Frameworks
(MASFs) (Di Ruscio et al. 2026), to interact seamlessly over
shared, synchronized representations. To this end, existing SDD
approaches can also be exploited.

4. Future Plans
To realize the vision of integrating MDE with SDD, in this
section, we outline our future plans in the form of a research
roadmap structured around three main pillars: tooling implemen-
tation, empirical validation, and addressing practical adoption
barriers.

4.1. Tooling Implementation
The main technical step is establishing the interoperability
bridge. This requires explicitly defining the SDD metamodel for
the core concepts embedded within SDD artifacts (e.g., require-
ments, data models, task plans). Formalizing the metamodel
will enable the application of existing modeling tools, such as
model transformations and model visualizations, in the context
of SDD. The SDD metamodel presented earlier is a first step
but must be validated against further SDD approaches based on
a systematic review of existing SDD approaches. Furthermore,
we plan to define a more detailed metamodel that also takes into
account more completely an agent’s harness including memory,
skills, and protocols to provide the foundation for increased
interoperability among SDD approaches. Each approach has its
own way of defining system-level prompts, setting up skills, etc.,
and MDE can provide a tool-agnostic definition that enables
transferring development between different coding agents, with
direct practical relevance. This work can build upon existing
initiatives, such as the Open Knowledge Format (McVeety &
Hormati 2026) proposed by Google to standardize the struc-
ture of agent-managed knowledge bases. Additionally, tool
interoperability can be realized through a unique metamodel
architecture consisting of core and shared elements, and distinct
extensions for tool-specific features, utilizing standard MDE
operations like metamodel composition and model weaving.

Following the interoperability bridge effort, we envision the
emergence of Jupyter-like integrated development environments
(IDEs). However, developing novel IDEs requires a better un-
derstanding of human / agent collaboration and which kind of
artifacts need to be shared, which needs to be investigated.

4.2. Empirical Evaluation
To demonstrate the cross-fertilization benefits of MDE and SDD,
empirical validations are needed to assess the impact of the in-
tegration of SDD and MDE. First, the combined use of SDD
and MDE in practice needs to be investigated. The metamodel
presented in Section 3 is derived from .md files generated by
different approaches throughout the SDD process, as well as
from the canonical .md templates provided by the developers

of the SDD approaches. While these artifacts offer valuable in-
sights into the structure of specifications produced within SDD
workflows, they may not fully reflect how specifications are
created and maintained in real-world settings. To obtain a more
representative understanding of SDD practices, we plan to mine
open-source repositories for specification artifacts, analyse their
content, and identify the model-like constructs and abstractions
they contain. Existing corpus of spec-driven artefacts, such as
(Agarwal et al. 2026), are also an excellent starting point for
performing these additional analyses and validating the general-
ization of our results.

Furthermore, it is important to compare the performance
of agents supporting software engineering tasks from raw nat-
ural language versus agents operating on a structured, MDE-
generated model layer. Finally, it will also be strategic to eval-
uate how embedding explicit metamodel instances within an
agent’s memory bank (e.g., a Kiro steering file) impacts the
number of iterations, the computational effort required to reach
a verified solution, and the human actors’ ability to understand
and reason about the system.

4.3. Adoption Barriers
Several adoption barriers must be mitigated to transition this
vision into mainstream practice. In particular, the definition
of SDD and its intermediate artifacts is rapidly evolving, with
many SDD approaches currently being available. Moreover,
current coding agents obscure their internal decision-making
processes (Liu et al. 2026). While injecting MDE practices aims
to bring structural transparency and traceability, the inherent
black-box nature of the underlying LLMs remains a challenge
for verifiable software engineering. The lack of standardiza-
tion across key enabling technologies for novel IDEs such as
different MASFs further complicates the creation of IDEs.

Further concerns include the lack of large-scale benchmarks
and the high API costs of conducting large-scale empirical
studies with state-of-the-art coding agents, both of which limit
the scope of academic experimentation. Additionally, deploy-
ing agentic workflows in critical domains requires overcoming
strict legal and safety constraints, necessitating robust plans and
formal verification steps that MDE is uniquely positioned to
provide.

Overall, the proposed roadmap is inherently iterative as the
field and its toolset continue to evolve rapidly. Thus, regular
roadmap refinement, grounded in empirical feedback, will be es-
sential to ensuring the sustained relevance and eventual success
of this cross-fertilization effort.
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