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ABSTRACT

Architecture design is a critical step in software development. How-
ever, creating a high-quality architecture is often costly due to the
significant need for human expertise and manual effort. Recently,
agents built upon Large Language Models (LLMs) have achieved
remarkable success in various software engineering tasks. Despite
this progress, the use of agents to automate the architecture design
process remains largely unexplored. To address this gap, we envi-
sion a Knowledge-based Multi-Agent Architecture Design (MAAD)
framework. MAAD uses agents to simulate human roles in the tra-
ditional software architecture design process, thereby automating
the design process. To empower these agents, MAAD incorporates
knowledge extracted from three key sources: 1) existing system
designs, 2) authoritative literature, and 3) architecture experts. By
envisioning the MAAD framework, we aim to advance the full
automation of application-level system development.
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1 INTRODUCTION

Software architecture plays a vital role in the software development
process. It serves as the blueprint that ensures systems are scal-
able, maintainable, and aligned with the business goals specified in
the Software Requirements Specification (SRS) [2]. Traditionally,
the architecture design process relies heavily on human exper-
tise. This manual approach increases costs and makes the process
time-consuming and inconsistent [7]. Therefore, automating ar-
chitectural design is essential for achieving effective and efficient
automation of end-to-end application-level software development.

Many attempts have been made to automate architecture de-
sign. Recent studies on code generation have begun to incorporate
the architectural design process [8-10]. However, these efforts pri-
marily rely on a straightforward zero-shot prompting strategy. As
highlighted by Dhar et al. [3], such approaches frequently lead
large language models (LLMs) to generate hallucinatory content.
A promising solution to this issue is the adoption of multi-agent
systems, which leverage interactions among multiple LLM-based
agents [17] to enhance reliability and creativity [4, 16]. However,
whether a multi-agent system can be used to automate the archi-
tecture design process remains unexplored.

To fill this gap, in this paper, we present our vision for an au-
tomated software architecture design framework, Multi-Agent Ar-
chitecture Design (MAAD). The overview of MAAD is shown in
Figure 1. MAAD involves collaboration among four architecture
agents to jointly implement the system architecture design based on
the input SRS. Additionally, to support these agents, we propose po-
tential solutions for extracting architectural knowledge from both
existing designs and authoritative sources. By addressing key chal-
lenges and opportunities in automated architecture design, we aim
to advance the automation of end-to-end software development.

2 MAAD FRAMEWORK

In this section, we will detail our vision of MAAD as shown in
Figure 1. The four agents, Analyst, Modeler, Designer, and Evaluator,
will collaboratively design the system architecture based on the
input SRS. First, we will illustrate the collaboration process.

2.1 Collaboration Process

To facilitate understanding, an example of developing an online
bookstore is shown in Figure 2. Initially, the Analyst agent analyzes
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Figure 1: The Overview of Knowledge-Based Multi-Agent Framework for Architecture Design

the input SRS by extracting requirements and constraints that in-
fluence the architecture design. Building on the Analyst agent’s
analysis results, the Modeler agent undertakes two primary tasks: 1)
formulating high-level architectural decisions to guide the design,
and 2) specifying the domains and prioritized quality attributes that
the generated system needs to address. Next, the Designer agent
conducts concrete architecture implementation by creating UML
diagrams (class diagrams, sequence diagrams, etc.), which serve as
blueprints to guide follow-up code development. Finally, the Evalu-
ator agent verifies whether the artifacts align with the input SRS. If
any mismatches are found, it identifies the root cause and collabo-
rates with the relevant agent to resolve the issue. The remaining
agents then update their respective artifacts accordingly. The archi-
tecture design process concludes when the Evaluator confirms the
artifacts. The final design, including the designed diagrams, con-
ceptual views, and documented architectural decisions, collectively
serve as the foundation for the subsequent code implementation.

2.2 Architecture Agents

2.2.1 Analyst. The Analyst agent is responsible for understanding
the SRS, filtering, classifying, and documenting the requirements
that impact the architecture. This agent is crucial to ensuring that
the subsequent architecture design aligns with business goals.

To accomplish this task, the Analyst agent should possess capabil-
ities to understand the SRS, which includes the following actions: 1)
parse and structure the SRS to extract all requirements; 2) filter out
architecture-significant requirements (ASRs); 3) classify functional
and non-functional requirements, where functional requirements
specify the system features and tasks, and non-functional require-
ments include quality attributes, resource constraints, and other
relevant aspects. In addition to these actions, given that the SRS
may be imperfect, the Analyst should also 4) identify potential risks
in the SRS, such as ambiguous descriptions of system function-
alities or conflicting quality attributes, and 5) communicate with
stakeholders to address these issues and accordingly refine the SRS.
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To support these actions, we propose that the Analyst agent
should incorporate the following architectural knowledge: 1) meth-
ods for identifying and evaluating architecture-significant require-
ments, including their criticality and impact on design decisions;
2) understanding of the inherent trade-offs among various quality
attributes, such as balancing performance, scalability, and security;
3) expertise in modeling non-functional requirements and mapping
quality attributes to appropriate architectural tactics; 4) techniques
for identifying and resolving risks in requirements; 5) knowledge of
domain-specific constraints that influence architectural decisions.

2.2.2 Modeler. The Modeler agent is to model the overall archi-
tecture of the system based on the refined requirements. It will
generate 1) architectural decisions such as the selected technology
stacks, architectural styles, and patterns; 2) conceptual logical views
reflecting the systems’ key domains; and 3) conceptual physical
views outlining the system’s overall deployment topology.

To fulfill these responsibilities, the Modeler should perform the
following actions: 1) prioritize the non-functional requirements to
facilitate trade-offs among quality attributes; 2) select the appropri-
ate technology stack to meet the requirements; 3) choose suitable
architecture styles and patterns to structure the system effectively;
4) identify domain components and their interrelationships to con-
struct conceptual logical views; 5) allocate resources and plan the
deployment model to construct conceptual physical views.

The Modeler agent also requires access to specific architectural
knowledge to effectively perform its actions: 1) techniques for prior-
itizing non-functional requirements to balance trade-offs; 2) knowl-
edge of technology stacks, including their capabilities in addressing
quality requirements; 3) expertise in architectural styles and pat-
terns, including their applicability and advantages; 4) methods for
domain-driven design to identify domain components and establish
relationships within the logical views; 5) strategies for resource
allocation and deployment planning, including scalability consider-
ations and mapping logical components to physical infrastructure.
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Figure 2: An Example of Proposed Architecture Design Process

2.2.3 Designer. The Designer agent is in charge of refining the con-
ceptual views generated by the Modeler agent into detailed designs
that serve as a foundation for subsequent code implementation.
Key outputs of the Designer agent include: 1) class diagrams, defin-
ing the responsibilities, relationships, and interactions of system
modules; 2) sequence diagrams, illustrating the communication and
interaction flows between modules; and 3) deployment diagrams,
specifying the resource allocation and deployment topology.

To fulfill its responsibilities, the Designer agent should execute
the following actions: 1) define the responsibilities and boundaries
of each module based on the established logical architecture; 2)
design detailed interface specifications to facilitate module collabo-
ration; 3) develop interaction models to outline module interaction
mechanisms; 4) refine resource allocation plans to meet system
constraints and performance goals.

Likewise, the Designer agent also requires specific architectural
knowledge to effectively perform its actions: 1) techniques for mod-
ular design, adhering to design principles like SOLID principles [13];
2) standards and best practices for interface design, ensuring com-
patibility and reusability; 3) methods for creating interaction mod-
els, such as sequence diagrams and collaboration diagrams, to rep-
resent communication flows; 4) strategies for resource optimization
and allocation, particularly in distributed systems.

2.2.4 Evaluator. The Evaluator agent is tasked with rigorously
assessing the architectural artifacts generated by other agents to
ensure their alignment with the input SRS. Key outputs from the
Evaluator agent include: 1) mismatch analysis reports, document-
ing discrepancies where the architectural outputs fail to meet the
requirements specified in the SRS; 2) root cause analysis reports,
identifying the underlying causes of the mismatches and 3) refine-
ment suggestions, providing actionable recommendations.

To fulfill these responsibilities, the Evaluator agent should per-
form the following actions: 1) evaluate the architectural outputs,
including class, sequence, and deployment diagrams, to identify
mismatches with the functional and non-functional requirements
outlined in the SRS; 2) analyze the identified mismatches and trace
back to determine their root causes, such as requirement misinter-
pretations, design errors, or resource misallocations; 3) formulate
refinement suggestions to address the root causes and improve
alignment with the system’s goals and constraints.

The Evaluator agent also needs specific architectural knowledge
to perform its actions: 1) techniques for validating architecture
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against functional and non-functional requirements, such as qual-
ity attribute scenarios and performance evaluations; 2) methods
for root cause analysis, focusing on tracing mismatches back to
requirement ambiguities or design flaws; 3) architectural evalua-
tion standards specific to domains like real-time systems, cloud
computing, and etc.

3 KNOWLEDGE EXTRACTION FOR MAAD

This section outlines the systematic extraction of architectural
knowledge from three primary sources: existing projects, authori-
tative publications, and expert architects. We detail the knowledge
extraction process for each source and subsequently demonstrate
how the acquired knowledge empowers agents.

3.1 Knowledge from Existing Design

To extract knowledge from existing projects, the process begins
by gathering a comprehensive dataset of open-source or publicly
available projects from various domains. Architecture recovery
tools [6, 19] are employed to extract the architectural design of each
selected project. Additionally, static or dynamic analysis tools [15]
are utilized to evaluate the quality attributes of these projects, such
as performance, scalability, and maintainability. By correlating the
recovered architectures with the quality metrics, valuable knowl-
edge can be gained about the impact of architectural design. The
knowledge can be applied to tasks like design trade-offs, resource
allocation, and quality attribute optimization.

The extracted knowledge from existing projects can support the
agents in several ways. For the Analyst agent, it could facilitate
the identification and filtering of architecturally significant require-
ments by examining how similar requirements influenced decisions
in other systems. The Modeler agent might leverage observations
of architectural patterns and styles, along with their potential trade-
offs in achieving desired quality attributes. The Designer agent
can draw on extracted module designs and interface specifications
derived from logical views, which may highlight design principles.
The Evaluator agent can use documented mismatches between
requirements and implementations, along with their associated
resolutions, to inform their assessments of architectural alignment.

3.2 Knowledge from Authoritative Literature

Extracting knowledge from authoritative literature involves a com-
prehensive analysis of textbooks, academic papers, and industry
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standards that focus on architectural principles, patterns, and frame-
works. NLP techniques can be applied to parse and extract struc-
tured information, such as definitions of architectural styles, trade-
offs of quality attributes, and detailed examples of successful pat-
terns. Furthermore, the literature provides frameworks for risk mit-
igation, modularization, and evaluation, which can be synthesized
into actionable guidelines. Generalized methodologies for design-
ing and evaluating architectures, such as ISO/IEC standards [1],
can also be extracted and adapted to support the agents.

The extracted knowledge could strengthen the capabilities of
the agents in various ways. The Analyst agent benefits from frame-
works for prioritizing non-functional requirements and techniques
for identifying ASRs. The Modeler agent gains comprehensive de-
scriptions of architectural styles and patterns, including their trade-
offs and suitability for diverse contexts. The Designer agent utilizes
guidelines for modular design, emphasizing design principles, as
well as standards for interface design and communication modeling.
The Evaluator agent relies on methodologies for root cause analysis
and frameworks to evaluate architecture against quality attributes.

3.3 Knowledge from Architecture Experts

Knowledge extraction from experts involves engaging with sea-
soned practitioners through interviews, workshops, and surveys.
Structured knowledge elicitation techniques, such as the Delphi
method [11], can be employed to gather and organize insights. Ex-
perts will be queried about specific architectural challenges, emerg-
ing trends, and best practices based on their practical experience.
Furthermore, recorded sessions will be transcribed and analyzed
using NLP tools to identify recurring themes, actionable advice,
and domain-specific recommendations. This process effectively cap-
tures the tacit knowledge and practical trade-offs that are often
elusive in both literature and project data.

Expert insights significantly enhance the capabilities of the
agents. Specifically, the Analyst agent relies on expert advice to
elicit and resolve ambiguities in requirements and address domain-
specific challenges. The Modeler agent benefits from tailored input
on adapting architectural styles and patterns to unique scenarios.
The Designer agent can gain practical feedback on emerging trends
in module design, interface design, and resource optimization. The
Evaluator agent can use expert strategies to identify subtle risks
and refine evaluation processes.

4 CHALLENGES AND OPPORTUNITIES

Despite the rapid growth of AI4SE research and its extensive adop-
tion, several challenges persist, presenting valuable avenues for
future exploration. Based on our envisioned MAAD framework,
we retrospectively and prospectively discuss those challenges and
opportunities for future research.

Explainability and Trustworthiness: Many previous stud-
ies [14, 18] convey the concerns on the trust on Artificial Intelli-
gence Generated Content (AIGC). Architectural decisions generated
by LLM-based agents can be opaque, making it critical to under-
stand how and why an agent arrived at a particular design solution.
A key strategy to improve reliability is effective knowledge injec-
tion into LLM-based multi-agent frameworks. Retrieval-Augmented
Generation (RAG) improves decision-making by grounding agents
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in external knowledge, such as case studies and authoritative liter-
ature [5]. Beyond retrieval, fine-tuning on collected architectural
data can also enable agents to internalize best practices and indus-
try standards [12]. Exploring how to effectively utilize or combine
these strategies for architectural decision-making is a promising
direction for future research.

Coordination and Communication: Each agent role in the
MAAD framework could encompass multiple LLMs-based agents
to execute input tasks coordinately. The success of any multi-agent
system hinges upon the seamless interplay of its constituent agents.
This necessitates the design of robust and efficient mechanisms for
information sharing, conflict resolution, and decision-making.

o Information Sharing: Agents must be able to effectively share
relevant information, like their current state, observations, goals,
and plans, with other agents. This requires well-defined commu-
nication protocols and data formats. Furthermore, mechanisms
for filtering and prioritizing information are also crucial to ensure
that agents focus on the most relevant data.

e Conflict Handling: In multi-agent environments, agents often
have competing objectives or disagree on optimal strategies. Ef-
fective conflict resolution mechanisms are essential, incorporat-
ing negotiation protocols, arbitration processes, or goal prioriti-
zation frameworks to systematically address these conflicts.

o Decision-Making: Collective decision-making in multi-agent sys-
tems requires careful evaluation of individual agents’ preferences,
priorities, and task requirements. Effective mechanisms may in-
clude distributed consensus algorithms or methods for combining
individual preferences into coherent collective decisions.

Scalability and Dynamic: In complex architectural tasks, agents
should employ dynamic workflows to address evolving require-
ments. While following structured frameworks, agents can adapt
their processes based on problem complexity and constraints. This
flexibility allows agents to adapt their workflows dynamically based
on the specific demands of the task. Future research could explore
adaptive reasoning strategies and dynamic agent configurations
where roles evolve with task complexity, enhancing MAAD’s adapt-
ability in architectural design.

5 CONCLUSION

In this paper, we envision the Multi-Agent Architecture Design
(MAAD) framework, a novel approach to automating software ar-
chitecture design by leveraging LLM-based agents. By simulating
the roles of human architects, MAAD aims to enhance efficiency,
scalability, and consistency in architectural tasks. Moreover, the
framework integrates knowledge from real-world systems, authori-
tative sources, and domain experts to guide architectural agents’
collaboration in producing high-quality designs based on SRS.
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