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Spatial understanding and reasoning are core cognitive abilities in architectural design,
yet existing Al tools remain limited to automation without interpretability or goal-driven
logic. This study introduces a 3D Co-Design Assistant that integrates spatial perception,
reasoning, and modeling via a Large Language Model (LLM)-driven agent framework.
Operating through a real-time perception—reasoning—action loop, the system enables Al
to generate design suggestions and autonomously execute modeling commands in a 3D

environment. Unlike previous black-box generative models, the assistant produces
interpretable design logic grounded in structured scene data and user input. Its
capabilities are evaluated through controlled human judgment and co-creation
experiments, where participants often misidentified Al suggestions as human-generated,
and rated many proposals as rational and contextually appropriate—demonstrating early
signs of human-like spatial cognition. By bridging semantic reasoning with executable
modeling behaviors, the proposed framework offers a novel approach to Al-assisted
design beyond conventional automation, highlighting the potential of intelligent agents to
support architects in iterative spatial thinking, stimulate creative alternatives, and
facilitate the integration of Al into early-stage architectural workflows.

Keywords: Al-Driven Design, 3D Co-Design, Spatial Reasoning, Large Language

Models, Agent-Based Design.

INTRODUCTION

Spatial understanding and spatial reasoning are
essential cognitive abilities that architects must
develop throughout their training, underpinning
the entire architectural design process. Spatial
understanding  involves  analyzing  spatial
information and user needs, while reasoning
concerns the formulation and inference of design
objectives. Traditionally, architects collect user
needs through interviews, surveys, or
observations and abstract them into spatial
understanding, followed by iterative reasoning to
refine 3D models until goals are met an inherently
intelligent process.

In recent years, advances in Al and digital
tools have sparked efforts to endow machines
with similar understanding and reasoning
abilities—not only to accelerate modeling, but to
transform Al into an intelligent assistant for
creative spatial design. However, this remains a
big challenge. Current workflows rely on textual
and graphical representations to convey design
intent, while the underlying reasoning still
depends on human judgment. This cross-modal
cognitive chain is complex and implicit, making it
difficult to digitize and encode into generative
systems.
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Tools such as CAD, BIM, and environmental
analysis software (e.g., lighting, thermal, airflow)
have improved efficiency and precision.
Generative design methods further automate
certain tasks using rule-based generation.
However, these tools still require human
interpretation and reasoning, lacking the ability to
autonomously perceive or make spatial decisions.
While these tools offer automated performance
and parametric flexibility, they lack the ability to
engage in active spatial interpretation or
decision-making — limiting their function to
automation rather than intelligent collaboration.

Recently, data-driven 3D  generation
approaches such as GANs, 3DGNNs, and 3D-
GANs have emerged in Al research (Zhong et al.,
2022). These methods generate 3D layouts by
learning statistical correlations from existing
datasets but lack explicit spatial reasoning or
interpretable design motivations. Consequently,
architects find it difficult to trust or reliably adopt
their outputs. These models operate primarily as
statistical approximators, automating form
generation without engaging in goal-directed
spatial reasoning —revealing the limitations of
current Al design tools as merely automated
rather than intelligent.

In parallel, emerging cross-modal generative
Al technologies such as Text-to-3D models have
begun to bridge natural language input and 3D
model  generation, exhibiting  preliminary
semantic-to-spatial alignment capabilities (Xu et
al, 2023). Yet, these methods primarily map
textual descriptions to 3D forms in an end-to-end
manner, lacking the ability to model spatial
structure, layout logic, and explicit reasoning
chains. As a result, they fall short of achieving
human-like spatial understanding and reasoning
in the design process (Liu et al., 2024; Sun et al.,
2023). The integration of a complete
understanding-reasoning-modeling process into
design tools remains an open challenge.

Bridging this gap requires a fundamental
shift-from viewing Al as an automation tool to
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positioning it as an intelligent agent capable of
reasoning, interpreting, and collaborating in
design tasks. Against this backdrop, the concept
of the Al agent has revealed great potential for
enabling more intelligent design tools. An Al
agent refers to an artificial intelligence system
capable of perceiving its environment,
understanding the contextual information,
reasoning about problem-solving pathways, and
autonomously planning, acting, and utilizing
external tools. It possesses a closed-loop ability of
continuous  perception-reasoning-action  in
dynamic environments, enabling human-like
decision-making and collaboration (Russell &
Norvig, 2020). This capability precisely addresses
the needs of architects in the processes of
environmental understanding and  spatial
reasoning.

Building on this, we propose an innovative
interactive Al-driven spatial design framework—
the 3D Co-Design Assistant. The primary objective
of this study is to enable Al systems to acquire
spatial understanding and reasoning abilities,
thereby assisting designers in completing 3D
spatial design tasks more intelligently.

The key contributions of this paper are
summarized as follows: (1) We present an Al
design assistant capable of human-like spatial
understanding and reasoning for 3D modeling,
which can autonomously analyze environmental
context and generate logically coherent and
interpretable design proposals. (2) We develop a
modeling command and operation library
tailored for Al control, enabling Large Language
Models to translate semantic reasoning into
executable 3D modeling actions within design
environments. (3) We propose and implement a
full-fledged Co-Design framework that integrates
perception, reasoning, and modeling, advancing
Al from automating modeling tasks to
intelligently assisting human design decisions and
reasoning processes.



RELETED WORK

Al data-driven 3D model generation
methods

In recent years, Al data-driven 3D generation
methods have gained significant attention in the
field of architectural design. Representative
approaches include BuildingGAN, BuildingGNN,
and 3D Diffusion models (Chang et al, 2021;
Sebestyen et al., 2023). These methods typically
rely on large-scale 3D model datasets to learn the
statistical distribution of spatial morphology,
enabling the automatic generation of 3D spatial
solutions under given conditions such as site
constraints,  boundaries, and  functional
requirements. For instance, upon receiving site
constraint inputs, these models can generate 3D
layouts or forms that align with the distribution of
the training data.

However, these methods primarily depend on
data distribution fitting, lacking reasoning chains
and interpretability in  their generation
mechanisms. As a result, they fail to comprehend
the design intent underlying the input constraints
and are incapable of conducting causal reasoning
or dynamic adjustments in the spatial decision-
making process. Consequently, they still exhibit
certain limitations regarding the rationality and
credibility of their generated results.

Text-to-3D cross-modal generation
methods

Text-to-3D technology aims to achieve automatic
3D morphology generation from semantic
descriptions by establishing a cross-modal
mapping between natural language and 3D
models. Representative approaches include
DreamFusion, Luma Al, and Shap-E (Poole et al.,
2022), which typically leverage diffusion models
or neural rendering techniques to transform user-
provided text prompts into 3D models that align
with the given descriptions (Huang et al.,, 2024).
These methods demonstrate Al's initial ability to

associate  natural with
generation.

However, these approaches exhibit certain
limitations. On the one hand, their generation
process primarily follows an end-to-end
semantic-to-morphology  mapping,  lacking
considerations for spatial functionality, structural
logic, and layout reasoning—key dimensions of
architectural design. On the other hand, current
methods struggle to enable real-time interaction
and iterative optimization in  human-Al
collaborative design, as they lack multi-step
reasoning and decision-making chains tailored to
design intent. This constraint significantly limits
their practical applicability in architectural design
scenarios.

language spatial

Agent-based architectures for 3D
spatial reasoning

With the advancement of Large Language Models
(LLMs) and cross-modal reasoning technologies,
the Al Agent architecture is emerging as a key
pathway toward intelligent spatial design. An Al
Agent is a system equipped with environmental
perception, task understanding, reasoning
capabilities, autonomous planning, and action
execution, enabling it to perform multi-step
reasoning and interactive tasks within dynamic
environments (Tan et al., 2024; Zhou et al., 2024).
Its core objective is to simulate the "perception—
thinking—action" closed-loop process that human
designers employ, facilitating the complete
workflow from task comprehension to 3D
solution generation. In the field of architectural
spatial generation, a representative 3D generative
agent system is the BuildingAgent architecture
proposed by Zhong et al. (Zhong, Koh & Fricker,
2023). This framework combines LLMs' semantic
understanding (e.g., GPT-4) with GNN-based
layout reasoning, enabling Al to process 3D
geometric contexts and natural language design
tasks. However, it still lacks essential elements of
human-like spatial understanding and reasoning.
Its decision-making relies on pretrained layout
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patterns without goal-driven semantic
interpretation, leaving the underlying logic
opaque and the system incapable of
autonomously understanding design objectives
or reasoning through spatial decisions.

To overcome these limitations, this paper
proposes a novel Agent architecture that
integrates 3D generation and spatial reasoning
capabilities, aiming to address existing limitations
in spatial cognitive intelligence, reasoning chain
construction, and design interpretability, thereby
advancing the intelligent evolution of Al in
architectural spatial design.

METHODOLOGY

This study proposes a modular Al-assisted
construction framework consisting of three core
modules — Perception, Thinking, and Action —
facilitating real-time human-Al collaboration in a
3D environment (Figure 1). This system provides
continuous design suggestions and operational
feedback.

The Perception Module acquires spatial data
from the current 3D scene, capturing surrounding
structures and architectural attributes.
Conceptually, its goal is to convert the spatial
environment into a machine-readable
representation. Technically, this module retrieves
real-time scene data from the Unreal Engine 5
(UE5) environment, including object names,
dimensions, positions, and semantic categories. It

contral

parses both visual geometry and semantic tags
through UE’ s reflection and data interface
system and outputs a structured 3D
representation (3D Structure) in a JSON-like
format. This serves as the foundation for
subsequent reasoning and modeling operations.
The Perception Module includes two types of data
parsing processes: one for geometric features
(mesh bounds, coordinates, object types) and
another for semantic attributes (style, category,
spatial relationships), as illustrated in Figure 2.
Based on this structured input, the Thinking
Module performs scene analysis and reasoning.
The objective of this module is to interpret the
spatial context and generate intelligent, high-
level design suggestions. It utilizes Large
Language Models (LLMs), specifically GPT-40, and
follows three reasoning principles: (1) Rigorous
Thinking - every suggestion must be
accompanied by an explanation; (2) Contextual
Relevance - suggestions must be directly
informed by the current architectural and
environmental context; (3) Structured Output -
clear separation between reasoning and design
proposal. No fine-tuning was conducted; all
reasoning was achieved through prompt
engineering using structured templates (Figure 2).
Once a suggestion is accepted by the user, the
Action Module, which also powered by LLMs
translates it into executable modeling operations.

3D Scene 3D Structure

Suggestion
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-
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Figure 2
Perception and
thinking module
workflow of the
3D co-design
assistant

Figure 3
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results
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This module functions as an architectural action
selector, converting semantic design intent into
concrete commands within a predefined action
space. And all actions is rule based. The action
categories include PlaceBuilding, IncreaseBlock,
ResizeBlock, Rotate, ChangeStyle, ChangeRoof,
and ChangeElement. Actions are selected through
rule-based matching of suggestion content to
available commands. To maintain consistency and
control, the system is constrained to operate
strictly within this predefined library. Each
selected action is output as a structured operation

Self Perception Algorithm

datal"Name"] = building.Name
ding. Dimension_Limit
data["Raof Dimension"] = building.Roof Dimension
g Volume Num
Molume 1 Size

Environment Perception Algorithm

datal 1= building.Location

Thinking Module (GPT-40)

You are a professional
Building Designer. Based on
the user's environment
description and input
message, you must provide
clear, accurate, and suitable
design suggestions.

Rules:

1. Think Seriously: Before
giving suggestions,
carefully analyze the
user's input and explain
your design reasoning.

2. Context-Based: Your
suggestions must be
directly related to the
user's environment
information.

. Output Format:

+ Design Thinking:
(Explain why you made
this suggestion.)

- Design Suggestion:
(Give a specific and
actionable suggestion.)

Thinking and
Suggestions

with spatial parameters (X, Y, Z), which is then
executed via callable Blueprint functions in UE5
(e.g., def_ChangeStyle). Figure 3 illustrates this
structured selection and execution process.

EXPERIMENTS

Human judgment experiment

To examine users’ perception and evaluation of
Al-generated suggestions in  collaborative
architectural design, a controlled human
judgment experiment was conducted. The study
addressed two questions: whether users could
accurately identify the source of design
suggestions—Al or human—and how they
evaluated the rationality and practicality of these
suggestions.

A total of 20 participants were recruited,
including senior architecture students and junior
practitioners, all with prior exposure to
conceptual design tasks and moderate familiarity
with Al-based tools. Each participant completed
the experiment independently using a
standardized web interface.
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A total of 400 scenario cards (Figure 4) were
created. The suggestions were randomly sourced
from either an Al system or a human designer,
with the source concealed from participants. To
minimize linguistic cues that could reveal the
source, human suggestions were standardized to
match the neutral and consistent style of Al
outputs. Each card also included basic
information about the building structure and
design scenario to support user evaluation.

Participants were asked to complete two tasks
per card: (1) Identify whether the suggestion was
generated by Al or a human. (2) Rate its rationality
and practicality on a five-point Likert scale. A total
of 1,000 valid responses were collected.

The results showed that participants achieved
an overall identification accuracy of 63.5%,
exceeding the random baseline of 50% (Figure
5()). Accuracy for Al-generated suggestions
reached 71.4%, while that for human-generated
suggestions was 59.2%. As shown in the
confusion  matrix  (Figure 5(b)), human
suggestions were more frequently misidentified
as Al-generated (40.8%) than vice versa (28.6%),
indicating cognitive ambiguity influenced by the
human-like expression of Al outputs.

In subjective evaluations, human-generated
suggestions consistently received higher and
more stable scores across both dimensions. Their
rating distribution (Figure 6) was more
concentrated, with few extreme low scores. In
contrast, Al suggestions showed greater
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variability, including a notable proportion rated at
the lowest score (1 point), reflecting current
limitations in spatial reasoning and contextual
awareness.
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Nonetheless, the results also reveal the
potential of Al in collaborative design. Several Al-
generated suggestions were rated as highly as
those by human designers, demonstrating the
system’s capacity to contribute valuable and
novel inputs under specific conditions.

Overall, these findings suggest that while Al-
generated suggestions can enhance design
diversity and stimulate alternative thinking, their
quality inconsistency and contextual limitations
necessitate human oversight. In this context, Al is
more suitable as an auxiliary design partner rather
than an autonomous decision-maker.

Figure 4

Example of a
scene card used in
the source
identification
experiment

Figure 5
Recognition
accuracy(a) and
confusion
matrix(b) of source
identification (N =
1,000)

Figure 6
Subjective
evaluation scores
of suggestion
quality (N=1000)



3D Co-Creation Experiment

To assess the performance of the Al assistant in
collaborative architectural design tasks, we
employed four evaluation indicators: task
completion rate, suggestion acceptance rate,
action response rate, and logical score. The task
completion rate measured whether the system
fulfilled predefined design objectives in each
round. The suggestion acceptance rate indicated
the proportion of Al-generated suggestions
adopted by users, while the action response rate
assessed whether accepted suggestions correctly
triggered the intended modeling operations.

To evaluate the coherence, contextual
relevance, and feasibility of each suggestion, we
used a logical score based on a simplified three-
point scale (1 = weak or irrelevant, 2 = partially
logical, 3 = fully logical). This adjustment—
compared to the five-point Likert scale used in the
Human Judgement Experiment—was made to
reduce cognitive load and facilitate faster, more
consistent  real-time  assessment  during
interactive co-design sessions.

The 3D Co-Creation Experiment involved
eight participants, including six architecture
students and two early-career professionals. All
participants had prior experience with 3D
modeling tools and basic familiarity with Al-
assisted design workflows. Each participant
engaged in a structured session with the Al
assistant, completing a series of collaborative
design tasks. Suggestions were evaluated both
during and after interaction, with emphasis
placed on functional logic and contextual
appropriateness. Task types spanned different
spatial scales and complexities—namely, a
community center, a lakeside residence, and a
nighttime kiosk. To ensure consistency across
sessions, all scenes and Al-generated suggestions
were standardized.

In the community service center task (Figure
7), the Al assistant demonstrated clear

understanding of design objectives and provided
causally logical suggestions, such as volumetric
division and south-facing window placement. The
task completion rate, suggestion acceptance rate,
and action response rate all reached 100%, with
an average logical score of 3.0.

In the lakeside residence task (Figure 8(a)), the
Al assistant exhibited contextual sensitivity to
goals such as openness, daylighting, and view
orientation. It proposed strategic suggestions
including volume height adjustment and massing
reorientation. The task recorded a suggestion
acceptance rate and action response rate of
87.5%, with a logical score of 2.85.

In the nighttime kiosk task (Figure 8(b)), while
the Al assistant completed all required modeling
operations, performance fluctuations emerged in
multi-round interactions. Issues such as repetitive
suggestions and stylistic misjudgments led to a
lower suggestion acceptance rate and action
response rate of 62.5%, and a logical score of 2.6.

Across all three tasks, the system achieved an
average task completion rate of 100%, a
suggestion acceptance rate and action response
rate of 83.3%, and an average logical score of
2.82. Beyond these quantitative outcomes, the
experiment highlighted the Al assistant's
emerging cognitive behaviors. The system
demonstrated an ability to integrate spatial
context and user intentions, forming reasoning
chains and generating explainable design
suggestions.  This  closed-loop  process—
combining perception, reasoning, and action—
marks a shift from passive automation to
proactive and interpretable design collaboration.

However, two key limitations were identified.
First, the system exhibited contextual forgetting
and goal drift during extended interactions,
leading to a decline in logical consistency over
time. Second, inconsistencies were observed
between semantic intent and modeling
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Figure 7
Co-design process
and performance
metrics for the
community center
task



Figure 8
Co-design process
and performance
metrics for Lake
House(a) and
Community Night-
time Kiosks task(b)
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2, with a window-to-wall ratio of 60% The proportion of
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3. Satlsfy the basic needs of indoor ventilation and
lighting

4. Living room and bedraom blocks should be separable or
nested for expression

5. The main orientation should be aligned with the lake
view from the south.

6. Ensure white space and visual permeability

execution, where clear suggestions occasionally
failed to trigger appropriate actions. Addressing
these issues will require improvements in long-
term context retention and more robust
semantic-action mapping to further support
human-Al collaborative design.

LIMITATIONS AND FUTURE WORK
While the proposed 3D Co-Design Assistant
demonstrates promising capabilities in spatial
reasoning and collaborative design, the
experiments revealed three major limitations.

First, the system exhibited contextual
forgetting and goal drift during multi-round
interactions. As design sessions progressed —
particularly beyond the fourth round - its
suggestions often became repetitive, diverged
from initial objectives, or contradicted prior
decisions. For example, in the Lakeside task, the
assistant repeatedly recommended a “"wood
style" that had already been applied, indicating a
lack of persistent memory and limited awareness
of evolving design states.

1. Number of doors = 1, facing non-residential
direction

2. Primary window opening elevation is south or
east

3. No windows on north elevation

4. Building size £ 60% of the Hotel block

5. Building functions include: sales area, service
corner, rain porch

6. Orientation in line with the main line (southeast
or south)
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Second, the system showed semantic-action
inconsistency. In several cases, well-structured
suggestions failed to trigger the appropriate
modeling  operations. For instance, the
suggestion to “ adjust the proportion of
openings on the south facade” led to irrelevant
or null actions, revealing weak alignment between
high-level design intent and executable modeling
behaviors.

Third, the system currently focuses on
conceptual spatial modeling and lacks native
support for BIM or AEC-specific data formats.
Nonetheless, this limitation can be addressed
through  interoperability ~ tools such as
Rhino.Inside, Datasmith, and gITF export, which
allow conversion of generated geometry into
formats compatible with platforms like Revit and
Rhino-Grasshopper.

To address these limitations, future
development will focus on three directions: (1)
integrating memory-augmented language
models or structured memory graphs to improve
long-term state tracking and dialogue coherence;
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(2) enhancing semantic-action grounding
through rule-based matching, supervised fine-
tuning, or reinforcement learning; and (3)
enabling deeper integration with BIM and
parametric toolchains to support downstream
workflows such as documentation, simulation,
and construction.

More broadly, realizing Al as a genuine co-
creator in architectural design requires systems
that go beyond reactive assist.
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