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Abstract—Low-code platforms often use various models that
define the application built by citizen developers. With the
increasing size and complexity of the applications built using
low-code platforms, the number of required models and the
dependencies between them expand. However, with increased
complexity, keeping these models consistent during the devel-
opment or evolution of the application is crucial and often a
non-trivial task for citizen developers.

In this paper, we present four approaches to how LLMs can
be used and integrated on the architecture level into low-code
platforms to (i) create consistent models automatically, (ii) keep
models consistent based on different types of dependencies, and
(iii) support users in maintaining consistent models during the
development. We implemented the approaches in a prototype
and evaluated them in an exploratory study. The results show
that state-of-the-art LLMs are capable of preserving consistency
for low-code models as well as generating correct and consistent
models in various scenarios.

Index Terms—LILM, Al, low-code development platform, meta-
model, model-driven engineering, DSL, consistency

I. INTRODUCTION

To shorten the development time of software applications,
low-code platforms can enable citizen developers (developers
with little or no software engineering background [1]), such
as domain experts, to build functional applications effectively.
These platforms typically offer graphical or textual interfaces
to specify a system’s behavior, user interface, or API, reducing
the need for manual coding.

As low-code platforms target citizen developers with no
programming skills, models are often used to abstract away
the complexity of writing code manually. Depending on the
concrete low-code platform, these models are explicitly defined,
and Model-driven Engineering (MDE) techniques are integrated
into the low-code platform [2], treating these models as a
primary artifact. An alternative is implicitly integrating these
models into the workflow of creating an application [3]. In any
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case, the code is generated from a model-like artifact or a set
of artifacts.

Using a single model may not be sufficient for build-
ing complex applications. Dividing a model into multiple
components can better manage large, more sophisticated
applications. Therefore, citizen developers must create multiple
models, such as those for the system’s user interface, data
model, and application behavior. Creating and maintaining
consistency across numerous models can become a complex
task, contradicting the idea that low-code platforms offer a
straightforward development experience. Al-assisted low-code
platforms can help citizen developers to create applications
faster [4]. However, keeping the models consistent is still a
challenging task. In this paper, we present four approaches for
integrating Large Language Models (LLMs) into Low Code
Development Platforms (LCDPs). These approaches aim to
ease consistency preservation across models or to automate the
process of keeping models consistent. By leveraging LLMs,
the development effort required for implementing consistency
mechanisms could be significantly reduced while enhancing
the tools available for citizen developers and facilitating more
efficient application creation.

We continue with background in Section II. Section IIT dis-
cusses related work. In Section IV, we describe the approaches
on how LLMs can be implemented on low-code platforms. We
evaluate the approaches in Section V and discuss the findings in
Section VI. Section VII provides an outlook, and Section VIII
concludes.

II. FOUNDATIONS
This section gives an overview of the relevant foundations
and background required for the present work.

A. Low-Code Development

LCDPs allow so-called citizen developers like domain experts
to create, set up, and deploy software applications. They
facilitate the development of applications through simple
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graphical, e.g., drag’n’drop-oriented or textual interactions or
the composition of prebuilt components and widgets. Users
are often guided through structured development processes or
receive contextual hints. Using these simple interactions during
the development can reduce the amount of hand-written code
to a minimum [5]. Therefore, they appeal to a larger group
of stakeholders, as less or no software engineering knowledge
is required to develop applications that meet the stakeholders’
specific needs. However, as no programming skills can be
expected, the LCDP must provide straightforward and easy-
to-use mechanisms to ensure a smooth and well-working
development experience. This also means that mechanisms
to enhance the usability of the development platform should
be given high priority.

By defining the desired application in the LCDP, users are
either explicitly or implicitly creating one or several models.
These models are then used by the LCDP to generate the
running application using techniques related to MDE.

Business logic can be described by workflows or processes
using Business Process Model (BPM) and Notation (BPMN
2.0) [6] or equivalent languages, while a data model used could
be defined with a notation similiar to a class diagram. In the
end, the artifacts often are related, like a database attribute that
is used in a use case of the later application. Therefore, they
must be kept consistent during development and evolution of
an application. Working with several artifacts and models while
creating an application in an LCDP is a challenge for users
and developers of the LCDP as they have to keep the process
as simple as possible without reducing the configuration space.

B. Model-driven Engineering

MDE is an established technique to develop software
systems of various size and complexity [7]. Using MDE-
techniques, an additional layer of abstraction is added on top
of the programming languages [8], [9], which is also required
in LCDPs. However, creating and defining good modeling
languages that fulfill the LCDP’s requirements as well as
managing their complexity is challenging. MDE-techniques
such as meta-modelling or modularity at the model level can
help here as the MDE community faced similar problems.

In MDE, models are treated as primary artifacts in the
development process and using model transformations, they
are used for the generation of software applications [8]. The
models themselves do not necessarily have to adhere to any
known modelling language like UML. They can also be
custom-defined graphical or textual Domain Specific Languages
(DSLs). Using custom DSLs usually means that a meta-
model is defined (e.g., using Eclipse Modeling Framework
(EMF) [10] or FlexiMeta [11]) to formalize the DSL. This
meta-model contains a set of meta-classes, representing the
concepts of the domain and their relations to other model
elements. Additionally, well-formed rules and even relations
to other meta-models / meta-classes can be added to a meta-
model’s specification, establishing the criteria for valid models.
These relations to other meta-models can be a part of the
consistency rules between a set of models.

C. Large Language Models

Even though MDE techniques can facilitate the creation of
models for LCDPs, creating models by hand remains difficult
for citizen developers. Therefore LLMs can be used to simplify
the creation of models [4].

Large Language Models (LLMs) are designed to generate
coherent text based on input sequences provided by users.
These models operate by estimating the probability of the
next token in a sequence, given a set of preceding tokens.
LLMs can be customized for specific tasks through fine-tuning,
which involves updating their parameter weights to influence
token generation [12]. This capability, along with the advent
of general-purpose LLMs like ChatGPT [13], has enabled a
wide range of applications, such as generating programming
code, drafting text, proofreading, and detecting errors, among
others [14].

To further extend the utility of LLMs, several methods can be
employed to refine or enhance their outputs. Fine-tuning is one
such method. However, it comes with significant challenges,
primarily the need for large and often expensive-to-create
datasets to achieve effective fine-tuning [15], [16].

An alternative to fine-tuning is prompt engineering. Prompts
consist of the input information provided to an LLM, often
including instructions or framing for a specific task or context.
For instance, when generating code, prompts might specify
the desired coding style or structure [14]. Prompt engineering
involves crafting these prompts to achieve the desired output.
It can range from simple modifications to generic prompts
to creating sophisticated templates that structure requests
and incorporate additional information or instructions for
improved results [14]. Besides additional context information,
one-shot or few-shot prompting can be used to improve the
generation [17]. This means, that the LLM is provided with
one or a few examples of the task in the prompt before
requesting the desired generation. Compared to fine-tuning,
prompt engineering is often less resource-intensive and can
deliver competitive outcomes [16].

III. RELATED WORK

Keeping consistency across models in modeling tools (facing
similar problems as model-based LCDPs) is a challenging task.
A large portion of modeling tools incorporating several models
with interdependencies do not provide sufficient automatic
consistency checks or support [18]. Therefore, finding good
and applicable ways of checking and preserving consistency
is still an open question [18]. One way is to explicitly define
consistency rules between models as in [19]. These rules can
then be extended by model transformations that automatically
keep the models consistent as in the Vitruvius approach by
[20]. Explicit, transformation-supported approaches have the
advantage of lower computational overhead compared to LLM-
based solutions. Though, modeling consistency dependencies
explicitly is time consuming, especially when combined with
the creation of transformations to preserve consistency [18]—
[20].



Work from Wang et al. [21], Netz et al. [22] and Hagel et
al. [4] investigated how models can be generated consistent to
a defined meta-model or grammar specification using LLMs.
Their results show, that given a modeling language specification
and examples, it was possible to generate textual models
consistent with the formal specification. However, none of
these approaches, though sometimes also generating models
with implicit or explicit external dependencies, focuses on
consistency preservation across models. In the context of low-
code platforms, the question of how such mechanisms can be
integrated and which work best in different scenarios is still
an open research question.

IV. APPROACH

Larger and more complex LCDPs often require a set of
models (e.g., structural data model, model for the UI or for
the applications behavior) to fully specify the application. To
keep the models consistent, rules can be specified in different
ways to either statically check consistency, or when using
LLMs provide information how consistency must be ensured.
We identified three methods to integrate consistency rules in
LCDPs:

1) Formally specifying the consistency rules on meta-model
level or by using constraints.
2) Adding consistency rules using natural language in pre-
defined prompt templates.
3) Requiring the user of the LCDP to provide the desired
consistency in natural language.
4) Relying on the implicit context of the LLM and its reason-
ing to connect the models without further specification.
These methods can be integrated to use LLMs in LCDPs
for consistency-keeping when implementing the proposed
approaches below. In the following, we propose four approaches
on how LLMs can be integrated into LCDPs to ease consistency
preservation during the use of the LCDP. The approaches
explicitly do not cover how syntactically correct models can
be generated, as this is covered in other work (e.g. [4], [22]).

A. Generating consistent models based on natural language

Creating correct models fulfilling the stakeholders’ require-
ments can be a challenging task, even for experienced software
engineers or modelers [23]. Working with several models
interacting with each other, like a data model and a model
for a user interface like a form or a dashboard, makes
this task even more complicated. However, specifying the
application’s problem or goal in natural language can be
easier for inexperienced users. Therefore, one solution is to
directly generate consistent models in an iterative approach
(see Figure 1 left side - A) based on the provided specification
in natural language (step 1). This approach requires integrating
a prompt into the LCDP, where the developer describes the
application in natural language. This can range from quite
concrete instructions, like the demand for a database table
for customers, to more broad descriptions depending on the
domain or type of applications the LCDP covers. Using prompt
engineering techniques, like few-shot prompting, the LLM

receives the specification along with examples of correctly
generated models or model parts to improve the quality
and consistency of the output. Providing additional context
information through a structured prompt can be a way to specify
dependencies between models. The LLM then generates the
models or only a subset of them while ensuring consistency,
based on the provided user specification (step 2). For example,
if a user prompts the LLM I want to store customers with
their name and email”, the user prompt can be enriched with
structured instructions such as: “First, create the data model
based on the specification. Then keep the user interface model
consistent by adding or removing widgets and their references
to the datamodel.”. Previous work [4] showed that examples
are helpful to improve the generated models, which therefore
should be integrated into the prompt. This enriched prompt
helps the LLM generate the models while maintaining their
interdependencies. After model generation, the LCDP either
generates the application or allows the user to inspect and
modify the models further (step 3). The user can adjust the
prompt or request changes, such as renaming a field or adding
a new one, with the LLM ensuring consistency throughout
the iterations. In each iteration, the LLM ensures consistency
between each of the models.

B. Detecting inconsistencies after manual model changes

Another approach in using LLMs to ensure model con-
sistency without the need to implement and specify each
consistency rule during development of the LCDP is to use
an LLM agent that repeatedly checks the models created by
the user for inconsistencies. This approach is depicted in
Figure 1 in the middle (B). While modeling an application
in the LCDP (step 1), the LLM agent observes each model
(step 2). Again, it is aware of the dependencies between the
models, e.g., that a field in a defined model of a web form
should reference an existing attribute in a data model. These
dependencies can be for instance integrated into the prompt
the LLM-agent is using to repeatedly query the LLM. This
means, that these dependencies do not need to be defined
formally using constraint languages like Object Constraint
Language (OCL) or other formal specifications to statically
check the models’ correctness. They can even be defined in
natural language. When detecting an inconsistency (step 3),
the agent informs the user (step 4.1) about the inconsistency
and directly proposes a change to one or several models to
preserve consistency. The user can then decide if the change is
accepted or ignored while keeping complete control over the
models.

C. Detecting inconsistencies and preserving the consistency
automatically

This approach is similar to the previous presented integration
(see Figure 1 in the middle - C). While changing one or several
models (step 1), the LLM agent observes these changes (step
2) and repeatedly tries to find inconsistencies (step 3). In
contrast to earlier (step 4.1), the agent directly regenerates the
models (step 4.2) that are inconsistent with the recent change
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Fig. 1. Approaches A-D to integrate LLMs into low-code development platforms.

or changes. The LCDP can decide if the user is informed
about these changes depending on the chosen user interface
and development process.

D. LIM as a Decision-Making Chatbot for Consistency Preser-
vation

Whereas the proposed approaches so far focus on either
proactive generation or reactive correction of inconsitencies,
another approach would be to put an LLM in the role of an
active decision-maker. In this approach (see Figure 1 right side
- D), the LLM acts as a decision-making chatbot that interacts
with the user to ensure consistency preservation. The user first
describes the desired modification to the chatbot (step 1). The
LLM chatbot evaluates the user prompt (step 2) and decides
which model(s) should be modified (step 3). For example, if
there are three models A, B, and C, and model C depends on
A and B, the chatbot determines whether changes should be
made to model A, B, or C based on the user input.

Once the decision is made (e.g., to change model C),
the chatbot explicitly describes the required modifications to
model C which maintain consistency with models A and B.
Depending on the concrete implementation, the user either
accepts the proposed changes or performs them manually (step
4). This approach leverages the LLM’s ability to understand
dependencies and context and provides a more interactive as
well as guided user experience, incorporating a multi-step
decision-making process.

V. EXPERIMENT

As the running example we used a small LCDP prototype
incorporating a domain model and a set of user interface models
for web forms [2], [4]. For the tests, a textual concrete syntax
for both modeling languages was chosen. A usual workflow
when creating applications with this LCDP is the definition
of a domain (like a hair salon business) with concepts and

their attributes and relations. Then the user can define one
or several user interfaces like web forms (e.g., to book an
appointment). When generating models from natural language,
an integrated chat interface (see Figure 2) is used. As described
in Section IV, an ideal integration of each approach requires
different development processes within the platform. Therefore,
when testing the approaches, we targeted the question, if we
can find working prompts for each of these approaches. We
tested two scenarios using GPT-40 as the LLM and the hair
salon example from [4] as the domain. First, a new widget
for the birthday of the customer is added to an existing web
form model, where the attribute already exists in the domain
model. Therefore, depending on the approach, the model must
be correctly extended (approaches A and C) or the correct hints
or decision must be generated by the LLM (approaches B and
D). In the end, both models or dictated model changes had to
be consistent. For each approach using different prompts, the
LLM was able to generate a correct extension of the model
or description of the required change. The second scenario
required that the birthday should be removed from the data
model and the web form model had to be co-evolved or a
description had to be generated which model had to be changed
in which way. Here too, the generated results were generally
correct, both when the model changes were directly generated
for approaches A and C and when a description or change
decision was required for approaches B and D. An exemplary
prompt used for approach D is pictured in Listing 1. This
version omits the use of formal consistency rules (type 1) and
instead relies on the LLM’s reasoning capabilities (type 4) to
co-evolve the models. The user was not required in this case
to add any consistency rules.

Though, being small and simple examples for consistency
dependencies, the experiment shows that GPT-40 is capable of
preserving consistency using the described approaches. Further
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Provided the following domain model:

[Domain Model in textual syntax]

And the following models of forms that define
the User Interface of the system:

[Layout Model] x

And the following desired change of the models
by the user:

"We do not longer store the birthday of our
customers."

Provide an explanation, how all the models
must be changed to ensure consistency between
every model, especially ensuring consistency
between the domain model and the UI.

Listing 1. Example prompt template used for approach D providing an
explanation of the necessary steps to evolve the models consistently based on
the desired user change.

experiments are still necessary to verify whether this also works
in other scenarios as well as with other LLMs and to determine
which approach provides the best user experience.

VI. DISCUSSION

In the following, we discuss the approaches and their
limitations and compare them with alternatives in preserving
consistency in LCDPs.

As LLMs are capable of generating syntactically correct
models in LCDPs [4], [21], [22], and our initial experiments
show that this is most likely also the case when generating
a set of models with dependencies between each other, using
LLMs for consistency preservation in LCDPs seems to be a
valid option for platform developers. However, the approaches
have a different impact on the platform and how the platforms
are used and also require some technical aspects that should
be integrated on the architecture level of a LCDP.

Previous work [4] showed that adding LLMs in a chat-like
interface similar to known providers such as ChatGPT [13] can
increase the perceived usability and efficiency of LCDPs. This
can be said not only for directly generating models or other

artifacts but also for helpful chatbots that answer questions.

Extending this work by generating all models and keeping them
consistent in the development process should have a similar
effect. This means that approach A - generating consistent
models or generating the desired change described in natural

language (see Figure 1 left side - A) - should be a valid choice
for LCDP developers. However, an approach like this can
change the use or the process how applications are created
in the LCDP. One concern would be that the user could lose
the overview over the system or the artifacts that must be
created by only using the chat interface and mixing up e.g.,
the behavior of the system with a datamodel. This could even
harm the resulting application or usability of the platform. In
any case, this approach means that the user would need a chat
interface integrated to the user interface of the LCDP with a
way to inspect the generated results, either by inspecting the
model or, if applicable, directly the generated application.

An alternative integration of LLMs to improve or add
consistency preservation to an LCDP is to add an LLM agent
observing the models created by the user, see approaches B
and C. Integrating approach B - observing model changes and
proposing changes or only hints which models must most likely
be changed - does not change existing development processes or
the user interface of the LCDP. It is not necessary to integrate,
e.g., a chat interface to the system. However, the LLM agent
would constantly observe the model changes and calculate in
the background propositions to preserve the consistency of
the models. This means that the computational overhead and
therefore costs introduced to the LCDP is probably higher than
with approach A. On the other side, the changes to the user
interface and possibly already known development processes
within the LCDP do not need be changed that dramatically.

Approach C - automatically regenerating models when
a consistency violation is detected - is a stronger form of
approach B, as the user would not have the choice how the
violation would be resolved. Especially if the violation could
be resolved in several ways, this decision would be made by
the LLM, which does not necessarily have to but could result
in unwanted changes or worse results. Also, as approach B,
an integration of an LLM like this would also require more
computational costs than approach A, while allowing to keep
already known interactions with the platform intact.

Integrating approach D - using an LLM as a decision-making
chatbot for consistency preservation - into an LCDP could
enhance user interaction and satisfaction by providing a more
guided and interactive experience. However, one concern is the
increased complexity in the user interface, as the chatbot needs
to interact with the user frequently, which might overwhelm
some users. Additionally, the decision-making process of the
LLM might not always align with the user’s intentions. This
can lead to frustration, escpecially if the suggested changes
are not what the user expected.

All presented approaches use LLMs to preserve the con-
sistency between the models. However, with formally well-
defined meta-models or other technical setups, the consistency,
at least parts of it, could also be checked statically without
relying on LLMs. One approach is, for instance, the Vitruvius
approach by Klare et al. [20]. Here, several models are also
kept consistent with strictly defined model transformations,
which propagate a change in one model directly to all other
models, keeping the models always consistent. Though there is



probably less computational overhead during use, approaches
like this or defining consistency together with required changes
programmatically require a lot of knowledge about the domain
when defining the meta-models. Furthermore, they usually
require well-defined meta-models, while LLMs can often deal
with incomplete specification, filling the gaps with provided or
implicit context which has the potential to reduce the required
effort when integrating consistency-keeping mechanisms into
LCDPs. On the other hand, we assume that for large models
with a vast number of model elements, the proposed approaches
may not be applicable due to the limited context size of LLMs.

In the end, we think that, for many LCDPs, integrating LLMs
could have a significant positive impact on the usability and
efficiency of the platform while requiring a limited development
effort from the platform developers. Especially for smaller and
medium sized platforms or where the models have a limited
size, these approaches could be more applicable than static
solutions like the Vitruvius approach.

VII. FUTURE WORK

As the proposed approaches are still early work, further
experiments must be conducted to validate them and gain
further insights. A user study is planned to compare the different
approaches, with a focus on usability, efficiency in completing
the modeling tasks, and exertion compared to manual modeling.
Additionally, to analyze the limitations of state-of-the-art LLMs
to preserve consistency, another experiment with different
LCDPs and with larger scaled models is planned. The results
will be compared with a statical approach like Vitruvius [20]
to preserve consistency. Such work would contribute to the
research question of which approach is best and when LLM-
based consistency preserving mechanisms are applicable.

VIII. CONCLUSION

In this paper, we presented four approaches to implement
consistency preservation using LLMs featuring either automated
consistency keeping of models in LCDPs or hints/instructions
how models have to be consistently changed. The approaches do
not necessarily require an explicit specification of consistency
rules between models. We tested the approaches in a small
experiment with promising results. Further validation of the
approaches through user experiments with varying scenarios
and levels of LLM involvement is subject of future work.
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