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Abstract—Agentic AI has recently emerged as a new paradigm
where autonomous AI agents, empowered with Large Language
Model capabilities, are capable of perceiving, reasoning and
acting independently to pursue goals. In this paper, we explore
the key challenges in developing Agentic AI for automated soft-
ware design and modelling. These challenges include translating
natural language requirements into design models, resolving
ambiguities, maintaining consistency within and between design
models, and managing conflicts and inconsistencies when merging
different versions of a design model. To address those chal-
lenges, we propose a conceptual Multi-Agentic AI framework in
which autonomous, goal-driven AI agents capable of interpreting
requirements, generating design artefacts and collaborating on
software design models.

I. INTRODUCTION

Powerful AI technologies such as Generative AI [1] and
Large Language Models (LLMs) [2] are a game changer for
automating many software engineering tasks such as code
generation [3], testing [4], debugging [5], bug detection [6]
and automated repairs [7]. Recent work in LLMs integrate
them into autonomous agents that can interact, plan, discuss
and make decision to solve problems or perform complex
tasks together [8]. Software engineering is moving towards an
Agentic world [9] where a team will consist of many virtual
AI-powered software engineering agents, some specialising
in coding, some in designing, and others in testing. Those
agents and their human teammates would work together to
continuously design, build and release software. For example,
our recent work [10] proposes a multi-agent framework where
AI-powered agents coordinate, communicate and discuss with
human developers and other agents to reach a consensus on
user story estimation.

Recent research has explored the application of LLMs in
generating Unified Modelling Language (UML) [11] design
models. The work in [12] investigated how ChatGPT was used
to generate UML sequence diagrams from natural language
requirements. Their study found that the generated models
generally adhere to UML standards and are understandable,
however completeness and correctness issues are found in
many cases where requirements are ambiguous. Another study
[13] investigated how LLMs can assist novice analysts in
creating UML models (use case, class and sequence diagrams).
Their study also found correctness and completeness problems

in the generated models. Those findings are similar to those
presented in [14] in which a large number of semantic and
textual errors were found in LLM-generated UML models.

Those studies indicate a growing interest in leveraging
LLMs for software design and modelling. Their findings
show both the potential benefits and limitations of integrating
LLMs as a tool into the software design process. However,
existing work only considers LLMs as passive tool assistants,
which lack autonomy and are only invoked on demand by
software developers. In this paper, we take a significant step
further into an Agentic future where AI agents, empowered by
LLMs, will be fully embedded in the software design process
and modelling environment. They are goal-driven, operate
independently and make their own design decisions. They can
perceive their modelling environment and respond to changes
(e.g. new model elements are created or modified). In addition,
they interact with other AI agents and human stakeholders
when developing a design model for a software system.

In this paper, we first identify and examine those key
challenges in details (Section II). We then propose a Multi-
Agentic AI framework in which AI agents autonomously
create, modify and validate design models. They also can
coordinate, negotiate, and generate explanations and interact
effectively with human stakeholders (Section III). Finally, we
outline the next steps for implementing and evaluating this
framework (Section IV).

II. CHALLENGES

A. Natural language requirements to structured design

Software requirements, such as user stories, acceptance cri-
teria and use case scenarios, are essential input to the software
design process. Designing an Agentic AI system capable of
autonomously creating UML design models from software
requirements presents an important research challenge. First,
software requirements are often written in informal, natural
language, thus they are inherently ambiguous. For example,
let us consider a user story for a video-on-demand software:
“As a registered user, I want to play a video from the catalog
so that I can watch it instantly on my device”. Terms like
“registered user” and “catalog” are vague and open to multiple
interpretations, such as which users are included (any user
with an account or only those with a paid subscription),
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and what content is accessible (all available videos or only
a subset based on region). In addition, user stories often
assume domain-specific background which is not explicitly
stated. These ambiguities and incompleteness pose significant
challenges for translating requirements into software design.
AI agents must be capable of understanding and reasoning
about incomplete, vague user stories, and infer context (e.g.,
what “user” refers to in a specific domain).

Second, an AI designer agent needs advanced semantic pars-
ing capabilities and contextual reasoning to extract meaningful
design elements such as actors, classes, functions, interfaces,
and interactions from those requirements. The agent should
interpret textual information and determine how to represent
those design elements using appropriate UML models such
as class diagrams for structure, use case diagrams for func-
tionality, or sequence diagrams for interactions. This requires
the AI designer agent to reason about architectural design
choices, identify entities and relationships, and understand
system dynamics. These should often be achieved without
having all the necessary information explicitly stated. For
example, the above user story requires modelling such as
content licensing, access rights, and streaming technology,
however the user story does not state this. To fill this gap,
the agent needs knowledge of the domain and relevant design
patterns to guide their decision making.

Finally, AI designer agents should be able to engage ongo-
ing dialogue with human stakeholders to clarify ambiguities,
gather missing information, co-design the software and vali-
date their modelling decisions. They should be explain their
choices and adapt to human stakeholders’ feedback. Hence,
there is a need to design interfaces and communication proto-
cols that enable this interactive human-agent collaboration in
creating design models.

Challenge 1: Developing a Multi-Agentic AI for
creating software design from requirements involves
interpreting ambiguous and incomplete natural lan-
guage requirements, mapping them to formal design
constructs, and enabling explainable, interactive
collaboration with human stakeholders.

B. Consistency management in software design and modelling

Design languages, such as the Unified Modelling Language
(UML), must adhere to diverse consistency requirements,
some of which are defined as part of the language while
others reflect modelling philosophies, domain restrictions, or
even application needs. Consistency conditions are usually
specified in terms of constraints. Consistency constraints for
UML are typically expressed in the standard Object Constraint
Language (OCL) [15].

To ensure their design are well-formed and consistent, AI
agents should be able to interpret and evaluate OCL constraints
on UML models. They should have the capability of parsing
OCL expressions, understanding their semantics and reasoning
about the constraints. However, OCL constraints are written

in a formal declarative language, while LLM-based agents are
primarily trained on natural language. Thus, the agent needs
to be equipped with symbolic reasoning and integrated with
formal verification tools such as an OCL checker.

Another important challenge for an AI designer agent
is change propagation: once the agent makes some initial
changes to the design, it may need to make additional, sec-
ondary, changes to maintain consistency. Changes made to a
design model may violate a number of consistency constraints,
and resolving those constraint violations would lead to changes
to other parts of the design, which may in turn break other
constraints, resulting in further changes and so on [16].

Challenge 2: Multi-Agentic AI needs to understand
and reason over formal OCL constraints even
though LLM-based agents are trained on natural
language. They need to maintain consistency across
design changes while managing their cascading
effects on the design model.

C. Collaboration in software design and modelling

Software design and modelling are inherently a collabora-
tive process. Multiple AI agents may work on the same design
model at the same time, thus creating different versions of
the same design. Hence, Multi-Agentic AI systems require
merging versions of software design models. AI agents need
to reconcile structural and behavioural differences across po-
tentially conflicting models while preserving consistency and
intent. The agents need to preserve consistent merges, report
inconsistencies, and explore alternative merging solutions for
inconsistencies (attempting to maximise consistency in the
merged model while preserving as many changes made by
the individual agents as possible). They should be able to
detect conflicts and inconsistencies, reason about those and
resolve intelligently. They also need to propagate changes
appropriately, and avoid introducing new inconsistencies or
redundancies. In collaborative settings involving human devel-
opers, the agents should also be able to explain their merge
decisions and seek clarification when ambiguities arise.

Challenge 3: Collaboration in software design and
modelling poses key challenges for Multi-Agentic
AI as the agents need to merge their work, which
requires resolving structural and behavioural con-
flicts, and maintaining consistency in design models.

III. A MULTI-AGENTIC AI FRAMEWORK FOR SOFTWARE
DESIGN AND MODELLING

In this section, we propose a Multi-Agentic AI approach to
address the above challenges. In our framework, the agents
autonomously modify, merge and validate design models.
They are also capable of negotiating and coordinating changes
between multiple contributors to maintain semantic and syn-
tactic consistency between design models. In addition, they
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can generate explanations and communicate with human stake-
holders.

A. Agent architecture

Figure 1 shows the architecture of a Design and Modelling
agent (hereafter called DM-Agent). Each agent has goals
which it aims to achieve. Goals are derived from user stories
or other forms of software requirements. Goals can be decom-
posed into smaller, more manageable subgoals. For example,
“Design a feature” is a DM-Agent’s goal, which has several
subgoals: “Understand requirements”, “Translate to design
components”, “Generate UML models” and “Validate design”.
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Fig. 1. DM-Agent’s architecture

The goal-driven approach offers robustness and flexibility,
e.g., in case of failures, DM-Agent will try other means to
achieve the goal. Each DM-Agent has a Plan Module which
consists of plans for achieving the agent’s goals and subgoals.
For example, a plan achieving “Understand requirement”
would involve parsing the user story and identifying key
elements such as actors, objects and actions. Plans consist
of external actions or internal actions that are generated
by the Action Module. External actions can directly change
the design model (e.g., adding or deleting model elements)
through a software design modelling tool. Internal actions
interact with internal memories such as reading from long-
term memory (retrieval), updating short-term working memory
(reasoning) and writing to long-term memory (learning).

DM-Agent’s memory module is structured into two main
layers: short-term memory and long-term memory. Short-term
memory captures the current design state such as the UML
model elements and diagrams in the current design. Long-term
memory stores patterns, reusable components, and histories of
previous projects. This memory is useful for DM-Agent to

generate design plans based on proven design solutions and
past experiences. In addition, DM-Agent’s symbolic knowl-
edge base includes formal elements such as OCL constraints,
design rules, and the UML metamodel. This symbolic layer
enables reasoning, validation, and model transformation based
on well-defined structural and behavioral semantics. The mem-
ory and symbolic knowledge modules allow DM-Agent to
generate consistent and well-formed design models that adhere
to current software design best practices.

The agent’s communication module is designed to sup-
port both inter-agent and human-agent communication, which
enables seamless coordination and collaboration across DM-
Agents and human software designers. DM-Agents commu-
nicate with each other in terms of exchanging messages. A
message can be in the form of information exchange, or
goal delegation (e.g., goal “Validate design” is delegated to
a consistency-checking agent), or sharing design plans. The
human-agent communication module of DM-Agent is based
on existing LLM capabilities for interpreting user inputs,
asking clarifying questions and providing explanations.

B. DM-Agent’s coordination

We propose a multi-agent coordination framework (see Fig-
ure 2) which enables DM-Agents and human designers inde-
pendently and concurrently work on the same software design
model in a collaborative manner. Each DM-Agent operates
autonomously and focuses on different aspects (e.g., one agent
working on playing back feature while the other on recording
feature for a video-on-demand system) or components of the
overall design (e.g., one agent on class diagrams while the
other on sequence diagrams). Each agent may act based on
different interpretations, assumptions, or goals (e.g., designing
different features), and can explore alternative solutions or
work on complementary features simultaneously.

As DM-Agents and/or human designers modify the same
design model (e.g. adding new features, modifying existing
features or fixing inconsistencies) based on their specific
goals and expertise, they create multiple versions of the
design model. To support conflict resolution and consistency
preservation, our framework has a Merger agent which is
responsible for merging those model versions into a unified,
consistent and semantically valid design. This agent ensures
that the merged model retains consistency and coherence,
and accurately reflects the collective contributions of all DM-
Agents and human designers. It serves as a critical mediator
in the collaborative workflow.

The Merger agent delegates the task of checking for incon-
sistencies in a design model to the Consistency Checker agent.
It checks for structural correctness using UML metamodel
compliance and for OCL constraint violations. The identified
consistencies will be brought to the attention of the Merger
agent. This agent can also generate plans for fixing an incon-
sistency, and share them with the Merger agent.

Our Merger agent merges the DM-Agents’ and human de-
signers’ versions fully automatically if they are consistent and
free of conflicts. The agents or human designers are notified
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Fig. 2. An example of DM-Agent’s goals and subgoals

only if there are conflicts or inconsistencies. Our Merger DM-
Agent employs a fast, automated search technique [17] to
quickly gauge whether a compromise is possible to solve the
merging problem by taking some (but not all) of the agent’s
changes. It is useful to automate this initial compromise
to avoid bias. However, since merging may involve trade-
offs where negotiation and communication are required, this
approach provides the DM-Agents and human designers with
all feasible alternative compromises in order to help them
discuss and negotiate to reach an informed, consistent merging
decisions. To reach agreement, the agents need to engage in a
structured negotiation process. There are several multi-agent
negotiation protocols that can be employed here such as voting
or argumentation.

IV. THE NEXT STEPS

Future work involves implementing the proposed architec-
ture using existing agent frameworks that support modular,
goal-oriented, and conversational agents. We also plan to
develop a benchmarking dataset for software design and mod-
elling to evaluate the performance of not only our DM-Agents
but also other AI agents provided by the research and industry
communities. We will also perform a human user study to
investigate the effectiveness of human-agent collaboration in
software design and modelling, and the perception of human
developers towards autonomous DM-Agents as team members.
Consented participants will join collaborative sessions where
they will work with our DM-Agents to complete a design
task. We will then perform a quantitative analysis to assess
participants’ perceptions of usefulness, usability and trust. We
will also conduct a qualitative analysis using thematic coding.
This process involves identifying recurring themes, patterns,
and insights from participants’ responses. By combining both
quantitative and qualitative analyses, we aim to gain a holistic
view of the impact and acceptance of autonomous AI agents
in software design and modelling.
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