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Abstract

Communicative agents powered by Large Language Mod-
els have potential to transform structural engineering de-
sign. This study introduces Text2Structures, a multi-agent
system for early conceptual design. Using Retrieval Aug-
mented Generation, agents generate a set of structural de-
sign recommendations. The demonstration of a simple
parking structure design verifies that agents can recom-
mend materials, structural systems, and dimensions for
floors and beams. Using Text2Structures, users can input
brief requirements in natural language, integrate regula-
tory and prescriptive documents from local jurisdictions,
and receive transparent and justified structural recommen-
dations. Although further refinements are needed, this
study lays a foundation for communicative agents in struc-
tural design.

Introduction

In structural engineering, advanced design and calculation
software has long been used by engineers. As the recent
development of artificial intelligence (AI) continues, the
primary concern for structural engineers is the lack of clar-
ity and transparency in AI’s decision-making processes.
Explainability in engineering is critical because it facili-
tates communication with project stakeholders and estab-
lishes accountability, mainly when errors occur. Tradi-
tional Al tools often fail in this regard, making it difficult to
understand how specific design choices are made. In addi-
tion, engineers have limited control over Al system inputs,
such as local building codes or relevant construction exam-
ples. Most software lacks the flexibility to prioritize spe-
cific documents, which can hinder outputs that are accurate
for local jurisdictions and contexts. Finally, existing tools
require specialized expertise to operate effectively, creat-
ing a steep learning curve and reducing usability for en-
gineers without extensive technical knowledge. This dis-
connect between the complexity of Al software and the
practical needs of engineers highlights a significant gap in
current solutions.

A subset of Al is communicative agents, which are partic-
ularly interesting because they can communicate in natural
language with humans. These agents operate under a coor-
dination workflow that manages their inputs, outputs, and
data flows, enabling them to work autonomously with tools

like internet access and financial resources without requir-
ing constant human supervision (Qian et al., 2024). Com-
municative agents are part of recent advancements in Al
that have brought new possibilities, mainly through Large
Language Models (LLMs) like ChatGPT, which have sig-
nificantly intensified interest in Al applications (Maslej
etal., 2023).

Communicative agents are designed to interact with each
other using natural language. The resulting multi-agent
system resembles a collaborative team with individual
agents making unique contributions, further enhancing
their ability to solve complex problems (Qian et al., 2023).
Communicative agents can simulate human behavior and
can write, review, and execute code. Using customized
agent workflows, it is possible to develop frameworks
for the automatic execution of programming tasks (Hong
etal., 2023; Chenetal., 2023; Zhou et al., 2023; Qian et al.,
2023; Wu et al., 2023; Li et al., 2023).

However, there are significant limitations in the applica-
tion of communicative agents in structural engineering.
The field demands a comprehensive approach to man-
aging complex and sometimes conflicting structural de-
sign requirements, including ensuring structural integrity,
safety, cost-effectiveness, aesthetic appeal, and sustain-
ability. One key consideration of structural engineering is
the authority of the building code and other design guid-
ance tools. Therefore, there is an opportunity to use an ap-
proach such as Retrieval-Augmented Generation (RAG),
which can allow agents to refer to authoritative knowledge
bases outside of their LLM training data.

Recent promising studies have been conducted on the
application of communicative agents in the built environ-
ment. For example, I-design (Celen et al., 2024) applies
communicative agents for the process of interior design.
Text2BIM (Du et al., 2024) looks at communicative agents
for BIM design; however, the system does not explain
why certain design choices are made and cannot be used
for structural decisions. In general, there has been little
exploration that considers the specific needs of structural
engineering workflows and best practices. Therefore, this
paper addresses the following question:

How can a communicative multi-agent system be de-
signed and implemented for the purposes of structural



engineering?

To address this question, the research focuses on
two key aspects. First, the paper examines how individual
agents can be developed to perform specialized tasks in
structural engineering. Second, it explores the necessary
steps for integration of LLM and RAG into a complete
multi-agent system; in other words, the framework needed
to “’bring the team together”.

This paper is structured as follows. Section 2 provides
background information on multi-agent systems, commu-
nicative agents, their existing applications, and the struc-
tural design process. Section 3 details the design and de-
velopment of the multi-agent workflow, Text2Structures,
in the context of structural engineering. Section 4 demon-
strates the multi-agent workflow by executing the initial
stages of the conceptual design process for a multi-level
parking structure. Section 5 discusses the results, ad-
dresses research limitations, and identifies potential direc-
tions for future studies. Finally, Section 6 concludes the
paper by summarizing key contributions and highlighting
the importance for future advancements in the field.

Background
Multi-agent Systems

A Multi-agent system (MAS) can decompose a large-scale
problem by several agents cooperating to reach a particular
objective. Such teams of agents are useful when problems
are too significant for a single agent to solve (Khodaban-
delu and Park, 2021).A heterogeneous team of agents can
achieve better results than a single or homogeneous team
(Khodabandelu and Park, 2021; Marcolino et al., 2013).
This is because diverse agents are more effective than uni-
form copies of the most powerful agents. At the same
time, system designers of MAS must understand the often
complex interdependence between members of a hetero-
geneous team. (Hsu et al., 2016)

The design of MAS using communicative agents will need
to consider the following characteristics of MAS:

* Environment: Agents operate within a specific envi-
ronment. In a physical environment, agents perform
tangible tasks, such as sweeping the floor. A sand-
box environment is a virtual simulated world where
agents can experiment with actions. In other cases,
no environment is set, and the focus shifts to the com-
munication between agents (Guo et al., 2024).

* Hierarchy and Decision Making: Typically, some
form of hierarchical structure is present for decision
making, meaning that agents are organized into lev-
els with some agents having authority over others.
For example, a leader agent can guides or plan tasks
while follower agents then execute instructions based
on the leader’s guidance (Han et al., 2024). Agents
can be directed only to communicate in their layer
or the layer above, or centralized with only com-
munication to the leader. Such structures are com-

mon in scenarios requiring coordinated efforts di-
rected by a central authority (Guo et al., 2024). In
equi-level structures, agents operate at the same hi-
erarchical level and collaborate without centralized
leadership; it can, therefore, also be seen as a decen-
tralized structure. These agents can have the same,
neutral, or opposing objectives and negotiate or col-
laborate to achieve their goals. This structure em-
phasizes collective decision-making and shared re-
sponsibilities among agents (Guo et al., 2024; Han
et al., 2024). Nested structures combine elements of
both hierarchical and equi-level systems, allowing for
sub-structures within the central system. These can
handle complex tasks by breaking them down into
smaller tasks managed by sub-groups of agents (Han
et al., 2024)

* Memory: Consideration of memory management in
MAS is needed to maintain contextual coherence and
learning from past interactions. Agents use mem-
ory to store and retrieve information about their en-
vironment, past actions, and interactions with other
agents. This information helps agents adapt strate-
gies, improve decision-making, and enhance system
performance. Memory can be managed through in-
context learning, where agents retain short-term in-
formation relevant to the current task, or through
external databases, where long-term information is
stored for future reference (Guo et al., 2024; Han
etal., 2024).

e Planning: Planning in MAS involves the devel-
opment of strategies and action sequences that the
agents will follow to achieve their goals. Planning can
be either global, which concerns the overall tasks, or
local, which is about a sub-task (Han et al., 2024).

Communicative Agents

Communicative agents are a subset of MAS. One key dif-
ferentiator is that communicative agents have the ability to
use natural language in order to exchange information for
coordinating actions, making decisions, and solving prob-
lems. Thus, most recent studies on communicative agents
use LLMs (Maslej et al., 2023).

The most common application of communicative agents
is in the field of software development. Researchers use
a sandbox environment and assign different software de-
velopment roles to agents. In this way, agents can opti-
mize the design process (Qian et al., 2023). A different
domain is embodied agents, where LLM-based MAS is
used for communication issues involving multiple robots
(Chen et al., 2023). Given the advanced communication
capabilities, LLM-MAS is also used for world simulation,
societal simulation, gaming, and the economy. The agents
role play by having diverse roles and viewpoints. In a so-
cietal simulation, agents demonstrate human-like behavior
and interaction (Park et al., 2023).



In built environment research, the I-design system is based
upon communicative agents (Celen et al., 2024). The ap-
proach is for interior design that allows users to gener-
ate and visualize their design using natural language. In
the framework, I-design uses five distinct agents with pre-
defined roles for generating 3D indoor scenes from user
input: interior designers, interior architect, engineering
agent, layout corrector, and layout refiner. The first agent
is the interior designer, who proposes a selection of ob-
jects based on the user input. The interior architect uses
the objects selected by the designer to determine a spatial
arrangement in the room. After this step, the engineer-
ing agent creates a valid graph, ensuring structural valid-
ity. The layout corrector corrects invalid connections in
the scene graph. The last agent is the layout refiner, who
refines the relationship between objects, enhancing the ac-
curacy of the layout. I-design operates with a ”Divide &
Conquer” organizational structure to manage complexity
and improve performance. Each agent focuses on a specific
sub-task, using the outputs of the previous agents. This
method includes a feedback loop to eliminate unwanted
behaviors and address hallucination issues. The agents
use the retrieval of objects to develop a design. Commu-
nication is through JSON objects facilitating a structured
data exchange. This ensures that each agent’s contribu-
tion builds on the previous ones, maintaining a coherent
and integrated development. I-design uses a framework
named AutoGen(Microsoft AutoGen Team, 2023) for the
agent communication, with each agent using the GPT-4.
I-design is a successful demonstration of communicative
agents that can be applied to design tasks within the built
environment.

Structural engineering design process

Before automation, it is essential to understand the nature
of work for engineering professionals. During prelimi-
nary design, structural engineers focus on the overall struc-
tural system, not individual components or elements. The
goal is to develop a global structural design that meets the
project brief (IstructE, 2022). A common practice in this
phase is to design multiple variants, of which one is to be
further elaborated (Crielaard and Terwel, 2020).

The early stage structural design process has been de-
scribed in a preliminary design flow chart created by
Crielaard and Terwel (2020) This flowchart identifies ten
steps to perform in structural design, of which the first four
are relevant to the preliminary design: 1) problem analy-
sis, 2) schematic of the load-bearing system, 3) material
choice, and 4) estimation of profile dimensions.

There are two key points where a decision has to be made:
the selection of the load bearing system and the choice of
material. Both are dependent on the problem analysis, but
also on each other. The remaining steps are action points,
referring to calculations, starting with dimensioning the
profile dimensions and ending with a unity check, indicat-
ing whether the structural design is OK. In this flowchart,
an iteration is possible when the structural engineer no-

tices an insufficient unity check. For example, a different
profile dimension can be chosen. In addition to the pure
structural aspects, relevant evaluation criteria such as cost
and environmental effects can also be considered. In this
way, alternatives can be compared to make an informed
decision (Crielaard and Terwel, 2020).

Text2Structures

The multi-agent workflow for Text2Structures consists of
four steps:

1. Selecting a programming framework
2. Developing individual agents

3. Integrating a LLM and Retrieval-Augmented Gener-
ation RAG

4. Designing the multi-agent workflow

The technical framework (Figure 1) provides an overview,
including user-agent, agent-agent, and agent-external
documentation interactions.

Programming framework: Developing a multi-agent
system requires a suitable programming framework that
supports defining agent roles, which aligns well with the
structured steps of conceptual design. Several possi-
ble programming frameworks were inspected, including
Chatdev and Meta-GPT. All reviewed frameworks main-
tained conversation records, and most offered documen-
tation.One key criteria was the ability to support human
interaction. From these criteria, the programming frame-
work AutoGen was selected because it was the most acces-
sible (requiring no account) and offered the most compre-
hensive documentation for building tailored prototypes.
Agents: Agents are assigned specialized tasks to maintain
clarity and control. The workflow consists of eight agents:
The Lead Engineer oversees structural agents and assigns
tasks, executing predefined functions, while the Assistant
Agent initiates workflows but does not use an LLM. The
Planner Agent communicates with the user to determine
boundary conditions, and the Client (User Proxy) directs
interactions, requiring human input mode set to ALWAYS.
The Material Agent selects construction materials based
on a function call utilizing RAG, while the Load-Bearing
Agent determines the structural layout based on the Ma-
terial Agent’s decisions. The Dimensioning Agent speci-
fies spans and depth ratios for floors and beams, and the
Writer Agent summarizes conversations between struc-
tural agents. A sequence of nested chats is employed, in-
spired by AutoGen’s example Microsoft AutoGen Team
(2024). The Lead Engineer handles inner monologues
with structural agents, while the Assistant Agent initiates
and manages workflow scalability.

LLM and RAG : A locally run server was chosen for
ease of setup and function calling capabilities, utilizing
LiteLLM and Ollama for LLM inference Ollama Team
(2024). The model used is Llama3.1 (8B parameters,
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Figure 1: Text2Structures Technical framework

Table 1: Overview of Multi-Agent Frameworks

Framework Role N Human. Conversation GitHu!:)
Definition Interaction Record Repository
Chatdev Predefined + + +
AutoGen Predefined + + +
Meta-GPT Predefined + + +
Generative Agents Predefined - + -
Multi-Agent Collaboration Predefined - + -
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Agents Predefined + + +
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4.7GB) Ollama Team (2024), Gemma, and Mistral-Nemo
running locally with a temperature setting of 1 to bal-
ance creativity and predictability. RAG was implemented
to enhance agent responses by providing access to exter-
nal documents via Llamalndex and Llamaparse for struc-
tured/unstructured data processing. In AutoGen RAG In-
tegration, predefined functions were registered with agents
Microsoft AutoGen Team (2023), allowing the Lead En-
gineer to execute function calls for the Material Agent.
Structural agents share a common database, except for
the Load-Bearing Agent, which has additional access to
stability-related chapters.

Multiagent workflow: Text2Structures employs a cus-
tomized chat pattern, utilizing a sequence of nested chats
inspired by AutoGen. This approach enables the lead en-
gineer to engage in an inner monologue with structural
agents, leveraging other agents for problem-solving. Im-
plemented through the ‘register nested chats* function, the
chat sequence is initiated by the assistant agent, while the
lead engineer manages the ‘chat queue, directing conver-
sations and settings. The inner monologue, limited to two
turns, ensures efficient execution and response generation,
with the final summary being the last message rather than a
reflection to prevent information loss. A structured process
guides agent interactions: the client initiates a prompt, and
the planner agent refines project boundaries before hand-
ing the brief to the assistant agent, who forwards it to the
lead engineer. The lead engineer then sequentially assigns
tasks to material, load-bearing, and dimensioning agents,
each building upon prior responses . These agents follow
a predefined workflow based on IstructE guidelines and
database references. The writer agent compiles insights
into a structured summary, which is relayed back through
the lead engineer, assistant agent, and finally to the user.
This structured approach ensures scalability, with the as-
sistant agent orchestrating workflows and enabling addi-
tional nested interactions as needed (see Figure 2).

Demonstration

Text2Structures was used to complete the conceptual de-
sign of a parking garage. Agents were tasked to assist
a structural engineer by proposing a design option that
includes the primary construction material, load-bearing
system, and preliminary dimensions. The purpose is to
give the engineer a starting point, which can then be fur-
ther refined and calculated by the professional.

The brief was to design a two-story parking garage (20—
40 meters) with a 50-year lifespan. The foundation design
was excluded, and there is an assumption that the site has
no impact from adjacent buildings. The design prompt was
phrased in three different ways for different runs (see Table
2), to note differences in the outcomes.

The base user prompt was slightly adjusted and given to
the agents for three different runs, as seen in Table 2. In
addition, three different LLMs are used to execute the mul-
tiagent workflow: Llama 3.1, Gemma, and Mistral-Nemo.
These models were selected primarily because they are

available through Ollama, which was a requirement for
running the system locally on a standard laptop. Among
the models hosted on Ollama, these three were among the
most frequently pulled, suggesting strong community pref-
erence and reliable performance. Additionally, they sup-
port function calling and are available in sizes that can run
on a basic laptop. The results show how each of the three
LLMs performed, including the key choices in the con-
ceptual design made by the agents, which can be seen in
Table 3.

The results and process were then evaluated to assess the
agents’ structural decision-making, focusing on realism
and relevance.The results show differences in how each
model responds to the prompts. Surprisingly, the Gemma
2 model behaved differently than expected. While Gemma
2 provides reasoning, it noted that it could not determine
the availability and cost of materials, recommending that
an expert make the final decision. Additionally, it pointed
out that building services would impact decisions, which,
although true, was intentionally excluded from the scope
of this research. The Llama and Mistral-Nemo models
performed similarly, though Llama preferred hybrid struc-
tures when working with steel. Overall, all the models had
difficulty suggesting appropriate grid dimensions for the
specified prompt. When answering, they referred to an
example in the literature. However, this was not directly
suitable for the given situation. The slight variation in the
prompt did not indicate such different responses.

In two test runs, the material agent proposed concrete once
and steel once. Both could work, given the broad project
brief. However, the agent’s reasoning sometimes mis-
stated facts. For example, it claimed concrete inherently
resists harsh environmental exposure without clarifying
design details. The load-bearing agent suggested two-way
spanning floors in one run but forgot about load transfer.
In the other run, it considered stability systems more care-
fully, resulting in a hybrid steel concept.

The dimensioning agent offered rules of thumb for grid
layouts or standard beam sizes, but rarely followed through
with basic calculations. It often repeated guidelines with-
out applying them to the stated geometry. This can still be
helpful as a starting point, but it is not a full engineering
design.

Discussion

Overall, some runs demonstrated agents could success-
fully provide high-level structural concepts. One obser-
vation is that while human engineers typically sketch early
ideas and iterate quickly (a mode of working that differs
from a rigid step-by-step sequence), these agents worked
in a sequential pattern. Agents seldom revisited or refined
earlier choices.

From a technical standpoint, we succeeded in using mul-
tiple agents, enabling them to read documentation via
RAG tools, and running everything locally on a mid-range
laptop. Some tasks—like memorizing prior decisions—
remained only partly fulfilled. Agents often contradicted



Table 2: Prompts and runs

Prompt

1 Develop a structural conceptual design of a simple car park. Consider the following: The building
height should be suitable for two stories. The building is 20 by 40 meters. There are no adjacent
buildings. Design life will be 50 years. Do not consider any other factors.

2 Create a conceptual structural design for a car park with two stories. The building’s footprint will be
30 by 45 meters, and there are no adjacent buildings. The design should have a lifespan of 50 years,
without taking into account site-specific conditions.

3 Develop a basic conceptual design for a 2-story car park. Consider the following: The building
dimensions are 15 by 40 meters. No neighboring buildings are present. The design life will be 50
years. Focus on structural design only, without other constraints.

Table 3: Agent key choices

Model Run Material Structural G.nd . Floor type Beam type

system dimensions

Llama3.1:8B 1 Steel Hybrid - Concrete Steel beam

system slab
2 Concrete Loadbearing Column spac- Slab on RC beams
ing 7.5m in ribbed deck
one direction
and 16m in
the other
3 Steel Hybrid - One-way Steel beam
system spanning RC
slab
Gemma2:9B 1 - - Column spac- Hollow core Secondary
ing 7.5m in RC slab steel beam
one direction
and 16m in
the other
2 - - Multiples of One-way -
module sizes spanning RC
slab
3 Steel Steel Multiples  of One way RC -
columns modules sizes slab
and beams

Mistral- 1 Precast Transfer - Flat RC slab RC beam

nemo:12B concrete structure
2 Steel Steel frame 3x2.5mand?2 - Steel

x5 m+ 6m beams
3 Steel Steel frame Regular grid deep com- Steel
dimensions posite metal beams
deck slab

[-] means to be determined, or an agent refers to a specific table when reasoning



previous materials or dimensions. Structurally, they did
select core elements, propose systems, and reference di-
mensioning basics. However, they performed minimal
arithmetic and rarely fine-tuned designs. Despite these
shortcomings, the approach was successful in speeding
up conceptual work by generating well-reasoned ideas
grounded in textual references.

Limitations and Future Research

This research used only four of the six structural steps out-
lined by IStructE. Foundations and off-site versus on-site
planning were outside the prototype’s scope. Another lim-
itation is platform dependence. Some local LLM solu-
tions, like those in LiteLLM and Ollama, run best on ma-
cOS. Windows compatibility is reportedly in development,
but not yet mature at the time of writing.

An intriguing area for future work is training LLMs with
real design reports. Feeding them boundary conditions,
design logic, and final outcomes could improve their en-
gineering sense. Such training must prevent the agents
from copying entire designs, but rather guide them to
reason about genuine constraints and code requirements.
Fine-tuning temperature settings might encourage creativ-
ity while ensuring compliance with structural norms.

The Text2Structures system could also be further extended
to the remaining six steps outlined by Crielaard and Ter-
wel (2020), namely: 5) determine the loads, 6) determine
the load per element, 7) determine load combinations and
reaction forces, 8) check ultimate limit state (strength and
stability), 9) check service limit state (stiffness), and 10)
overall final check.

We also see potential in pairing “reasoning” agents with
“coding” agents that generate quick BIM models, as shown
in other text-to-BIM studies (Du et al., 2024). These cod-
ing agents could automatically translate an agent’s concep-
tual decisions into 3D elements. A crucial step would be
building a robust feedback loop where a “reviewer” agent
checks each design proposal against local standards or
code-based heuristics. If something fails, it could prompt
a targeted revision rather than wait until all tasks are done.
Lastly, implementing a user interface would broaden adop-
tion beyond specialized developers. A future version
of AutoGen Studio might let engineers run a structured
sequence of agent dialogs behind a simple chatbot-like
screen. This would make the system more approachable,
allowing engineers to leverage Al reasoning while retain-
ing oversight of each step.

Conclusion

This study explored the role of communicative agents in
structural engineering, demonstrating their potential in au-
tomating early design tasks such as material selection,
load-bearing system identification, and preliminary di-
mensioning. While the agents generated structured de-
sign concepts and integrated textual references effectively,
limitations in reasoning consistency and iterative refine-
ment highlight the need for further improvements. Despite

these challenges, the approach accelerates conceptual de-
sign and provides a structured framework for Al-assisted
engineering.

By leveraging multi-agent systems with RAG, this re-
search provides insights into Al-driven workflows for
structural engineering. The ability to translate textual
descriptions into structured design suggestions enhances
transparency and usability. The findings also highlight the
importance of balancing automation with human oversight
to ensure engineering accuracy.

Future work should focus on improving agents’ reasoning
with real design reports, integrating coding agents for BIM
model generation, and developing reviewer agents for val-
idation against engineering standards. Additionally, cre-
ating an intuitive user interface, such as an AutoGen Stu-
dio integration, could make these systems more accessi-
ble to practicing engineers. Advancing these aspects will
strengthen AI’s role in structural design and improve its
practical adoption.
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