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Abstract -
Building Information Modeling (BIM) has significantly

advanced design efficiency and collaboration in the architec-
ture, engineering, and construction (AEC) industry. How-
ever, current BIM workflows remain hindered by complex
interfaces, repetitive tasks, and limited automation options,
which result in a steep learning curve and labor-intensive
design processes. To address the challenges, this research
presents a proof-of-concept framework that explores the
integration of Artificial Intelligence (AI) and Large Lan-
guage Models (LLMs) with BIM environments to streamline
design modifications through natural language interaction.
Using a specialized FreeCAD integration layer, the frame-
work demonstrates the feasibility of translating high-level
user instructions into basic BIM operations. Initial testing
shows this approach can successfully create simple paramet-
ric building elements while reducing token consumption and
user effort compared to a baseline approach using generic
tools. This feasibility study suggests potential for develop-
ing more intuitive BIM interfaces, though further research
is needed to achieve robust domain knowledge integration
and handle complex architectural relationships. The find-
ings indicate promising directions for future development of
LLM-driven BIM automation tools that could enhance ac-
cessibility for AEC professionals.
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1 Introduction
Building Information Modeling (BIM) has revolution-

ized the architecture, engineering, and construction (AEC)
industry by providing comprehensive digital representa-
tions of the physical and functional characteristics of build-
ings [1]. Although BIM platforms have significantly im-
proved design efficiency and collaboration, practitioners
still face challenges such as complex interfaces, repetitive
tasks, and redundant manual operations, which increases
the need for automated workflows [2]. However, current
BIM workflows lack user interaction and accessibility to

automation. Traditional approaches to BIM interaction
lack intuitive interfaces for design modifications and au-
tomation capabilities, leading to reduced efficiency and
increased risk of errors during the design process [3].

Recent advances in Artificial Intelligence (AI) and
Large Language Models(LLMs) have shown promising
capabilities to understand natural language commands and
execute complex computer operations [4]. The remarkable
progress in AI has enabled architects to harness compu-
tational power and data-driven algorithms to generate and
assess design options [5]. AI technologies in the design
process have enabled architects to explore innovative and
eco-friendly design solutions. Similarly, construction in-
dustry professionals have witnessed the evolution of dig-
ital data acquisition technologies, which have enhanced
monitoring processes by delivering efficient and effective
results [3]. Moreover, AI’s ability to evaluate enormous
volumes of data, including building performance, environ-
mental conditions, and user preferences, enables architects
to create structures that are not only visually appealing but
also ecologically friendly, energy-efficient, and suited to
specific user needs [2].

Current approaches to BIM automation mainly rely on
visual programming tools such as Dynamo for Revit or
scripting languages such as Python with IFCOpenShell
[6]. Although these methods have proven to be effec-
tive, they require users to have programming knowledge
or understand visual programming concepts, which cre-
ates a significant barrier for many AEC professionals [2].
Furthermore, existing automation solutions often lack the
flexibility to adapt to varying user needs and project re-
quirements, particularly when handling complex visual
and spatial tasks [7]. The integration of AI in the de-
sign workflow can create a collaborative and symbiotic
relationship between human designers and AI technology,
where AI operates as a creative partner, increasing the ar-
chitect’s expertise and vision by offering design options
and innovative ideas [5].

Natural language-based BIM modeling offers key ad-
vantages over traditional methods: reduced cognitive load
when navigating complex interfaces, faster prototyping
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by translating concepts directly to visual models, im-
proved accessibility for AEC professionals with varied
technical expertise, contextual design assistance through
embedded standards, and enhanced collaboration through
conversation-like interactions.

This research aims to enable natural language-driven
BIM operations for architects and AEC professionals with-
out requiring programming knowledge. We developed
a proof-of-concept framework integrating AI and LLMs
with BIM software operations. The prototype implements
parameter-based modeling within FreeCAD [8], leverag-
ing anthropic-defined computer use API and BIM-specific
prompts.

Initial testing shows promising results. Compared to
baseline systems, our prototype improved efficiency with
reduced token usage and better parameter handling while
avoiding GUI-based trial-and-error approaches. These re-
sults suggest LLM-driven BIM automation could provide
more accessible tools for AEC professionals. This re-
search validates that LLM-driven BIM automation can
overcome traditional usability barriers, offering a founda-
tion for future BIM-oriented AI developments as the AEC
industry continues to digitalize.

2 Literature Review

The AEC industry is undergoing a major transforma-
tion, shifting from traditional and labor-intensive methods
to automation driven by information technology, with BIM
as a key factor in this change [9]. BIM is a technology-
based method that applies and maintains a complete dig-
ital representation of building information throughout a
project life cycle [10]. The process begins with conceptual
design, progresses through functionality and construction
details, and culminates in fabrication drawings, with anal-
ysis tools for energy efficiency, construction, and acoustics
supporting design decisions [11].

BIM offers numerous practical benefits including vi-
sualization, code compliance checks, cost estimation,
scheduling, clash detection, and forensic analysis [12].
However, adoption faces challenges related to high costs,
training time, unclear data ownership, lack of standardiza-
tion, and software compatibility issues [13]. Bridging the
gap between advanced BIM technologies and their practi-
cal application remains important [10].

Industry 4.0 advancements have influenced the con-
struction sector, leading to ”Construction 4.0” with its em-
phasis on digital data, automation, connectivity, and digi-
tal access [14]. Automation in construction improves ef-
ficiency with repetitive tasks, reduces expenses, enhances
quality, and improves coordination [15]. In BIM specifi-
cally, automation tools like Dynamo enable custom scripts
for repetitive tasks [16], while IFC ensures data exchange

between platforms [17]. Such automation supports real-
time clash detection before construction [18].

AI has emerged as a promising solution for automa-
tion in the AEC sector, making notable improvements in
operations, safety, and productivity [19]. AI transforms ar-
chitecture through generative platforms that create visuals
from text prompts, making design processes more effi-
cient. Generative algorithms allow architects to explore
multiple design options considering site conditions and
structural requirements [20], while also improving space
planning [21] and sustainability through data-driven deci-
sion making [22].

Recently, researchers have explored human-AI collab-
oration in design, with Lee et al. [23] integrating LLMs
with BIM for speech applications and Dai et al. [24] in-
troducing semantic AI into architectural design. However,
practical integration of AI tools into BIM-enabled projects
remains limited. Interoperability and data transfer chal-
lenges between AI systems and BIM platforms pose sig-
nificant barriers. More proof-of-concept testing is needed
to bridge the gap between innovative AI solutions and their
practical application in BIM workflows [25].

3 Methodology
This research integrates LLMs with BIM environments

using direct computer control and custom tool integrations.
By leveraging the anthropic-defined computer use API
and FreeCAD as the BIM platform, this approach enables
natural language-driven BIM operations without requiring
programming knowledge.

Research Approach and Environment Setup The
study employs a controlled case evaluation focusing on key
representative BIM operations. The experimental environ-
ment runs in a Linux-based virtual machine with Docker
containerization, ensuring reproducibility and isolation.
FreeCAD serves as the primary BIM software, chosen for
its robust Python API and scriptability. The system uses
the Anthropic API(Claude) [26] to handle human-LLM-
BIM interaction loops.

Tool Integration and Execution Flow The methodol-
ogy uses a modular tool collection: ComputerTool for
UI control, BashTool for system commands, EditTool
for file operations, and FreeCADTool for BIM-specific
operations. The LLM orchestrates these tools through
a ”sampling loop” process, translating natural language
into structured commands. The system validates outputs
through iterative interactions, ensuring creation of geo-
metrically correct walls with precise dimensions, proper
spatial relationships between elements, accurate parameter
assignments, and verification of element connectivity.

Parameterization and Prompt Optimization The
methodology incorporates iterative prompt optimization
with domain knowledge and context-specific guidelines.
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Figure 1. Framework architecture showing the hier-
archical organization of components. The system
flows from top to bottom: starting with the Archi-
tect’s natural language instructions, through the BIM
Knowledge and Prompt Layer, to the LLM (Claude),
then to the FreeCAD Tool orchestrator, supported by
base tools (ComputerTool, BashTool, EditTool), and
finally to the FreeCAD Environment where modifi-
cations are realized.

This layered approach combines system prompts with spe-
cialized instructions for BIM tasks, enabling accurate in-
terpretation of spatial information and parameter valida-
tion.

Evaluation Metrics and Validation The study com-
pares baseline and enhanced frameworks using metrics in-
cluding task completion success, resource efficiency (to-
kens, API calls, processing time), parameter accuracy,
and visual verification. A rectangular room creation task
serves as the benchmark for framework feasibility assess-
ment.

4 Framework Design
The proposed framework implements a top-down hier-

archy that transforms the intentions of natural language
design of the architect into tangible BIM modifications
within FreeCAD. As illustrated in Figure 2, the prompt
structure and BIM knowledge form a conceptual founda-
tion that guides the LLM (Claude) in understanding and
interpreting the user request. These prompts encapsulate
domain rules, measurement handling, and quality control,
ensuring that the LLM reasons about BIM tasks in a way
that is contextually rich and technically correct.

Building on this conceptual layer, the architectural dia-
gram shown in Figure 1 represents the system as a vertical
sequence of layers. At the top, the architect issues design
instructions in plain language. These instructions flow
downward through layers of reasoning, domain-specific
BIM knowledge, and an orchestration tool (FreeCAD-
Tool). Ultimately, this cascade of logic and commands

reaches the FreeCAD environment, where the requested
modifications (e.g., creating a wall, inserting a window)
materialize.

This hierarchical design simplifies complexity: each
layer focuses on its core responsibilities. The LLM in-
terprets intent and plans operations, the FreeCADTool
orchestrates BIM-related commands, and the base tools
perform low-level tasks such as GUI manipulation or file
edits. By carefully layering the system in this manner,
the framework allows nontechnical users to harness so-
phisticated BIM operations without directly dealing with
scripting or intricate APIs.

4.1 Base Architecture from Claude and Tool Collec-
tion Framework

The initial foundation of this system comes from a
Claude-based computer use platform equipped with a col-
lection of core tools.

• ComputerTool: Handles GUI interactions within the
virtual environment (e.g., mouse clicks, keystrokes).

• BashTool: Executes shell-level commands to man-
age environment states or run auxiliary programs.

• EditTool: Provides the ability to modify files dynam-
ically, such as generating or adjusting Python scripts
on-the-fly.

These tools, originally developed for generic computer
interactions, form the base layer of the system (see lower
half of Figure 1). On their own, they lack the contextual
understanding needed for BIM-specific tasks. To address
this, a BIM-oriented layer is introduced above them.

In this enhanced structure, the LLM uses the BIM
knowledge and context templates (as summarized in the
prompt mind map) to reason about the user’s request.
Then, it relies on FreeCADTool to translate these high-
level, BIM-specific instructions into precise commands.
When necessary, FreeCADTool invokes the base tools to
perform GUI actions, execute scripts, or handle system
configurations. This vertical chain, Architect → LLM →
FreeCADTool → Base Tools → FreeCAD Environment,
ensures a clean and logical flow from human intent to
model modification. To illustrate this vertical chain with
a concrete example, consider the user request: ’Create
a wall that is 5 meters long, 3 meters high, and 200mm
thick.’ This natural language instruction flows through the
system as follows:

• The Architect’s design intent (’Create a wall...’) en-
ters the system at the Natural Language Interface
layer.

• In the Reasoning & Domain Knowledge layer:

– The BIM Knowledge component interprets
measurements (5m length, 3m height, 200mm
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Figure 2. Mind map visualization of the structured
prompt categories and BIM knowledge guiding the
LLM. The map illustrates the interconnections be-
tween system capabilities, BIM knowledge, quality
control, and context templates, providing a rich se-
mantic landscape for interpreting user requests.

thickness) and recognizes ’wall’ as a standard
BIM element with specific properties.

– The LLM Reasoning Engine generates a struc-
tured plan: ’Create a baseline, extrude to height,
apply thickness parameter, and verify orienta-
tion.’

• In the Orchestration & Execution layer:

– The FreeCAD Integration Layer translates the
plan into specific API calls:
line = Draft.makeLine(FreeCAD.Vector(0,0,0),
FreeCAD.Vector(5000,0,0))
wall = Arch.makeWall(line, height=3000,
width=200)

– The system leverages foundation tools like
ComputerTool for console input, BashTool for
screenshots, and EditTool for file operations.

• In the BIM Environment layer, FreeCAD executes
the commands, creating the wall object with proper
parameters, updating the model state, and returning
visual feedback.

This bidirectional flow allows for iterative refinement,
where the LLM can verify outcomes against the original
intent, make corrections if needed, and provide explana-
tory feedback to the user.

4.2 Incorporation of BIM Layer and Prompt Refine-
ments

The key innovation that enables this natural language-
driven BIM interaction is the incorporation of a BIM
layer through FreeCADTool. This component understands
FreeCAD’s Python API and the semantics of BIM ele-
ments, such as walls, windows, and their associated pa-
rameters (dimensions, alignments, placement).

To support this BIM reasoning, the prompt system is
refined to include:

• Domain Knowledge Blocks: Codified standards and
best practices that inform the LLM about typical con-
struction dimensions, unit conversions, and spatial
reasoning.

• Context-Specific Templates: Ready-made patterns
for tasks like wall or window creation, making it
straightforward for the LLM to map user instructions
to actionable steps.

• Quality and Error Handling Guidelines: Instruc-
tions for validating the correctness of operations, ver-
ifying outcomes (e.g., by inspecting screenshots), and
handling exceptions gracefully.

The mind map in Figure 2 visually represents these
prompt categories and their interconnections. By embed-
ding this knowledge into the prompt layer, the LLM not
only produces commands that conform to BIM standards,
but also continuously checks and refines its approach based
on feedback.

5 Implementation
The framework’s implementation centers around a

specialized FreeCADTool that integrates a LLM with
FreeCAD’s Python API. Operating within a Dockerized
Ubuntu 22.04 environment running FreeCAD 0.19, the
tool translates structured, BIM-oriented instructions from
the LLM into executable Python commands that directly
manipulate the FreeCAD model.

At a high level, the system treats each user command as a
high-level specification (e.g., “create a 6m x 4m room with
walls 3m high and 200mm thick”) that the LLM refines
into parameter-based instructions. The FreeCADTool then
executes these instructions by typing Python code into
FreeCAD’s console via a ComputerTool—bypassing the
complexity of GUI-based, vision-driven navigation and fo-
cusing on deterministic, script-based modeling operations.
The following shows the key aspects of the implementa-
tion:

• Environment Initialization: In the first invocation
of the tool, it imports the required modules (for exam-
ple, Arch, Draft) and ensures that a FreeCAD doc-
ument is active or created. This initialization step
establishes a known baseline state for subsequent op-
erations.

• Parameter-Driven Geometry: Before issuing com-
mands, the tool converts human-friendly measure-
ments (for example, 6 meters) into FreeCAD’s inter-
nal millimeter units. This parameterization ensures
that all geometry creation (e.g. drawing a baseline
line for a wall, invoking ‘Arch.makeWall()‘) is pre-
cise and consistent, improving the reliability of the
final BIM model.
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• Object Tracking and Reuse: The tool maintains an
internal registry of created objects, mapping gener-
ated names (like ‘Wall001‘) to their parameters and
creation order. This registry allows subsequent com-
mands, such as placing a window in an existing wall,
to refer to previously created elements.

• Reduced GUI Interaction: Instead of navigating
menus or adjusting workbenches, the tool sends
Python commands directly. For instance, creat-
ing a wall involves typing ‘Draft.makeLine‘ and
‘Arch.makeWall‘ commands, then adjusting place-
ment and recomputing. This approach reduces com-
plexity and token usage, as the LLM does not need
to ’guess’ GUI actions; it can rely on a stable script-
based interface.

• Feedback and Verification: After executing each
series of Python commands, the tool reorients the
view and captures a screenshot. This image can be
returned to the LLM and the user, allowing verifica-
tion that the outcome of the operation matches the
intended design specification.

The BIM Operation Pipeline defines the systematic pro-
cess of translating natural language BIM requests into
model modifications. The algorithm consists of five key
phases: Planning, which interprets natural language re-
quests using the BIM knowledge base to extract opera-
tional parameters and determine operation types; Prepa-
ration, which processes parameters to ensure compatibil-
ity with BIM standards, including automatic unit conver-
sion; Command Generation, which creates sequences of
FreeCAD API commands based on operation types and
validated parameters; Execution, which systematically im-
plements commands through the ComputerTool interface
with verification of proper system response; and Valida-
tion, which captures the resulting model state and validates
operations against intended parameters, refining and iter-
ating if needed. This approach ensures robust handling
of BIM operations by combining parameter validation,
systematic execution, and result verification in a contin-
uous feedback loop, maintaining model integrity while
accommodating natural variability in user requests and
BIM constraints.

6 Results
6.1 Comparative Analysis

To evaluate the framework’s capabilities, we tested a
challenging BIM modeling task on both the original and
the proposed frameworks:

Challenge: “Create a rectangular room with four walls.
The room should be 6 meters long, 4 meters wide, and
have walls that are 3 meters high and 200mm thick.”

Expected Outcomes: Four connected walls forming a
rectangular room with dimensions of length = 6000mm,
width = 4000mm, height = 3000mm, and wall thickness =
200mm, verified by a final screenshot showing the com-
pleted room.

The original framework relied on generic tools (Com-
puterTool, BashTool, EditTool) without BIM-specific
knowledge. The LLM resorted to trial-and-error meth-
ods: opening FreeCAD via the bash tool, switching to the
Part Design workbench, and attempting to create sketches
and extrusions through GUI interactions, as shown in Fig-
ure 3. This approach was error-prone, consumed large
amounts of tokens, and ultimately exceeded the rate limits
without producing a coherent final model.

In contrast, the enhanced framework, augmented by
the FreeCADTool and BIM-oriented prompt structures,
demonstrated a more efficient, parameter-driven work-
flow. The LLM generated Python commands directly for
FreeCAD’s Arch and Draft modules, eliminating unneces-
sary workbench switches and GUI guesswork. This script-
based method produced a correctly dimensioned rectan-
gular room with minimal overhead, as demonstrated in
Figure 4.

6.2 Performance Analysis

In addition to measuring success by the accuracy of the
final BIM model, we analyzed efficiency and resource con-
sumption of both approaches. The original framework per-
formed numerous GUI interactions without domain guid-
ance, leading to high token usage due to repeated instruc-
tions and lack of direct scripting capabilities. By con-
trast, the enhanced framework used structured, parameter-
based commands that minimized guesswork and reduced
the need for incremental screenshots.

The enhanced framework demonstrated significant im-
provements in key metrics: 100% dimension accuracy (all
measurements within 1mm tolerance) with proper spatial
alignment, and command efficiency averaging 4.2 com-
mands per operation with a 92% success rate.

For this proof-of-concept study, validation focused on
comparing observable outcomes between frameworks on
a representative BIM task. Dimension accuracy was mea-
sured against specified requirements (6000mm × 4000mm
× 3000mm with 200mm thickness), while command ef-
ficiency was calculated as the ratio of successfully exe-
cuted commands to total attempted commands as logged
by FreeCADTool.

Tables 1 and 2 highlight the significant performance
differences between the frameworks. Table 1 demonstrates
the enhanced framework’s superior outcomes across all
evaluation criteria, with notable improvements in token
usage (40.8% reduction), request count (30.8% decrease),
and processing time (16.9% improvement).
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Table 1. Comparison of Original and Enhanced Framework Performance
Criteria Original Framework Enhanced Framework

BIM Knowledge None (Generic tools only) Integrated (FreeCADTool with BIM prompts)
Approach GUI-based trial-and-error Parametric Python commands

Token Usage High (137,273 tokens) Lower (81,228 tokens)
Number of Requests 13 requests 9 requests

Time to Attempt Extended (301 seconds) Reduced (250 seconds)
Final Outcome Failed to produce room Successful creation of 4 walls

Dimensions Not achieved 6000mm × 4000mm × 3000mm met
Wall Thickness Not applied successfully Correct 200mm thickness

Final Verification No coherent model/screenshot Complete room with screenshot

Table 2. Detailed Performance Metrics Comparison
Metric Original Framework Enhanced Framework

Token Consumption Rate 456 tokens/second 325 tokens/second
Average Tokens per Request 10,559 tokens 9,025 tokens

Total Processing Time 301 seconds 250 seconds
Success Rate 0% (failed attempt) 100% (successful completion)

Resource Efficiency Multiple retry attempts, high token waste Direct execution, optimized token usage
Screenshot Generation Multiple intermediate screenshots (>10) One final verification image (140kB)

Table 2 further details efficiency gains, showing lower
token consumption rates and optimized resource utiliza-
tion in the enhanced approach.

Given the exploratory nature of this research, these met-
rics establish basic feasibility rather than comprehensive
performance validation. Reducing screenshot requests
(each approximately 140 kB) helped limit computational
overhead and avoid rate-limit issues.

7 Discussion and Conclusions

This research aimed to demonstrate the feasibility of
integrating AI and BIM workflows by developing a proof-
of-concept framework that enables natural language inter-
action with BIM software through LLMs. Our implemen-
tation demonstrates this feasibility while also revealing
important insights and limitations in the current approach.

Proof-of-Concept Results The prototype framework
showed promising initial results in basic BIM opera-
tions. The quantitative comparison between frameworks
revealed meaningful improvements: 40.8 % reduction in
token usage (from 137,273 to 81,228 tokens), 30.8% de-
crease in required requests (from 13 to 9 requests), and

Figure 4. Enhanced framework result showing suc-
cessful creation of a rectangular room with correct
dimensions using parametric BIM commands

16.9% improvement in execution time (from 301 to 250
seconds). While these metrics are encouraging, they repre-
sent performance in a highly controlled environment with
basic BIM operations.

Limitations Several important limitations emerged dur-
ing testing. The current framework’s capabilities are re-
stricted to basic BIM operations, primarily handling walls
and windows, and our testing was confined to a single
representative task which limits the generalizability of our
findings. Our choice of FreeCAD as the BIM platform,
while appropriate for this exploratory proof-of-concept
due to its open-source nature and Python scripting capa-
bilities, lacks some advanced features present in industry-
standard commercial platforms. Similarly, while Claude
provided sufficient LLM capabilities with integrated com-
puter control necessary for our testing methodology, future
work should evaluate performance across multiple BIM
platforms and LLM technologies as this approach matures
beyond the initial feasibility stage. The implementation
also shows constraints in handling complex geometric re-
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lationships between building elements, while the integra-
tion of domain knowledge remains at a preliminary stage.
Additionally, the system’s requirement for a controlled
environment to function properly presents challenges for
real-world applications in diverse architectural settings.

Future Work Based on our findings, several directions
for future research emerge. Future studies should focus
on expanding the range of supported BIM operations and
developing more robust domain knowledge integration to
handle complex architectural scenarios. Specifically, we
plan to test the framework across the following complexity
levels:

• Spatial reasoning challenges: Testing with non-
orthogonal geometries such as curved walls, angled
intersections, and sloped roofs to evaluate the LLM’s
ability to process complex spatial relationships.

• Multi-element compositions: Evaluating perfor-
mance on tasks requiring coordination between mul-
tiple building components (e.g., placing windows and
doors with proper alignments to walls, creating multi-
story structures with staircases).

• Parameter-driven modifications: Testing the sys-
tem’s ability to modify existing elements based on
design constraints, such as adjusting wall thickness
based on thermal requirements or modifying room
dimensions while maintaining proper connections.

• Error detection and recovery: Assessing how the
framework handles conflicting specifications and its
ability to propose alternative solutions when design
conflicts arise.

As the framework matures with these expanded capa-
bilities, a critical next step will be designing appropriate
evaluation methods to assess its practical utility in profes-
sional contexts. This would involve developing metrics
that consider both technical performance and potential in-
tegration points with human workflows. Rather than po-
sitioning AI as a replacement for human expertise, future
research should explore how this technology can best com-
plement and enhance the capabilities of AEC professionals
at specific stages of the design process.

Additionally, testing should be extended to encompass a
broader range of architectural tasks to validate the frame-
work’s applicability across different design contexts, in-
cluding residential, commercial, and specialized building
types. Further investigation is needed to explore integra-
tion possibilities with industry-standard BIM platforms
beyond FreeCAD, such as Revit and ArchiCAD, to as-
sess the framework’s adaptability and identify platform-
specific challenges. Development of more sophisticated
methods to handle complex geometric relationships and
parameters will be crucial for practical applications in
professional environments. These advancements would

contribute to creating a more versatile and practically ap-
plicable system for architectural design automation that
could significantly reduce technical barriers for AEC pro-
fessionals.

Final Remarks This study contributes to the field by
demonstrating how LLMs can integrate with BIM work-
flows, leveraging natural language processing to simplify
complex BIM operations. Our proof-of-concept estab-
lishes the foundational feasibility of LLM-driven BIM au-
tomation and suggests a pathway toward more intuitive
interfaces that could reduce technical barriers for AEC
professionals who lack programming expertise.

To realize practical benefits, further development is
needed in several critical areas: integration with industry-
standard BIM platforms, expansion of comprehensive do-
main knowledge bases, and support for complex architec-
tural operations. While our prototype demonstrates basic
feasibility, significant challenges remain in domain knowl-
edge integration, geometric reasoning, and error handling
before such systems could be deployed professionally. Fu-
ture research should validate these approaches in real-
world scenarios and develop frameworks capable of han-
dling the full complexity of professional BIM workflows.
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