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Abstract. Integrating generative AI into Architecture, Engineering, and Construction (AEC) 
workflows requires systems that can translate natural language instructions into reliable actions on 
standardized building data models. We present an open-source, tool-based framework that enables 
Large Language Models (LLMs) to directly query, create, and edit Industry Foundation Classes 
(IFC) building models. The framework includes predefined parametric tools for creating and 
modifying common building elements, a dynamic code generation system for handling tasks 
beyond the fixed toolset, and retrieval-augmented generation (RAG) to support code generation 
using relevant IFC documentation. All tools are exposed through JSON schemas and can be 
invoked by any MCP-compatible LLM client, providing an extensible interface for IFC 
manipulation without relying on proprietary BIM APIs. Evaluated with Claude Sonnet 4.5 and 
GPT 5.4, the framework achieves up to 86% accuracy on a custom benchmark and 73.3% on the 
IFC-bench-v1 querying benchmark, showing significant improvements over baseline approaches. 
We also demonstrate multi-turn design workflows, analyze common failure modes, and release the 
framework as open source for research and development. 

1.​ Introduction 

Building Information Modeling (BIM) has transformed AEC workflows by enabling 
architects and project stakeholders to collaborate on a shared, information-rich digital 
representation instead of relying on disconnected 2D drawings (Succar, 2009). The Industry 
Foundation Classes (IFC) standard provides an open, vendor-neutral schema for BIM data 
exchange across different tools and organizations (ISO 16739-1, 2024). However, creating, 
editing, and maintaining BIM models remains complex and is typically handled by trained 
specialists. Recent progress in Large Language Models (LLMs) suggests a new way of 
interacting with software. LLMs can interpret natural language, plan sequences of actions, 
and invoke external tools to accomplish goals (Wang et al., 2023; Yao et al., 2023). In BIM, 
this opens up the idea of an AI assistant that accepts high-level instructions (e.g., add an 
entrance door to the south wall) and execute the corresponding IFC operations automatically.  

Existing approaches have explored natural-language BIM creation and editing (Deng et al., 
2025; Du et al., 2024a) and BIM querying (Hellin et al., 2025; Li et al., 2025), but most 
systems depend on proprietary BIM APIs (e.g., Revit or Vectorworks). These APIs do not 
operate directly on the IFC data structure and limit portability across BIM platforms. To 
address these limitations, we present a tool-based framework that lets LLMs work directly at 
the IFC layer to query, create, and edit models through structured tool calls. The framework 
builds on the open-source IfcOpenShell library1 and the Bonsai add-on2 in Blender. Because 
the interface operates directly on IFC, the same tools can be reused across different 
IFC-compatible platforms. We use the Model Context Protocol (MCP)3 as an interface layer 

3 https://modelcontextprotocol.io/docs/getting-started/intro 
2 https://bonsaibim.org/ 
1 https://docs.ifcopenshell.org/ 
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to connect the tools implemented to external LLM agents. A key feature of the framework is 
its dynamic tool expansion. If a user request is not covered by the predefined tools, the LLM 
can generate and execute IFC-specific Python code at runtime. For better reliability, the 
system retrieves relevant IfcOpenShell documentation and schema snippets from a local 
vector store, which helps the model generate more accurate code through retrieval-augmented 
generation (Lewis et al., 2020; Brown et al., 2020).  

The framework is designed for three types of users: BIM practitioners who want to interact 
with IFC models using natural language, researchers studying LLM-BIM integration, and 
developers building AI-assisted construction workflows who can extend the toolset with 
domain-specific operations. To our knowledge, this is the first tool-based framework of this 
scope that enables LLMs to query, create, and edit IFC models while also supporting dynamic 
code generation. Our main contributions are: 

●​ An open-source framework with 52 BIM tools for querying, creating, editing, and 
generating IFC models through structured tool interfaces.  

●​ A three-tier tool architecture combining predefined parametric tools, dynamic IFC 
code generation, and retrieval-augmented generation for extensibility.  

●​ Quantitative evaluation on a custom IFC benchmark and IFC-bench-v1 with multiple 
LLMs, comparing our framework against baseline configurations with analysis of 
common failure modes. 

2.​ Related Works 

2.1 LLMs as Tool-Using Agents 
Tool-augmented LLMs allow language models to use external tools through structured 
function calls. In this setup, the LLM first receives descriptions of the available tools. Each 
tool has a name, a short explanation, and a defined input and output format, usually written as 
a JSON schema. During inference, the model selects a suitable tool, generates the required 
inputs, and uses the returned results to decide the next step. ReAct (Yao et al., 2023) 
introduced a framework where an LLM repeatedly plans actions, calls tools, observes results, 
and continues reasoning based on the feedback. Toolformer (Schick et al., 2023) showed that 
LLMs can learn how and when to use APIs without task-specific training labels. Datasets like 
ToolBench (Qin et al., 2023) provide large collections of tool-use examples for training 
models. Major LLM providers support function calling through their own APIs, but these 
interfaces are often not compatible across different LLM systems. The Model Context 
Protocol (MCP) addresses this by defining a standardized interface for tool discovery and 
invocation. In MCP, a server exposes tools that compatible LLM systems can discover and 
use through a uniform JSON-RPC protocol. Our framework uses MCP as its transport layer to 
ensure compatibility across different LLM systems. 

2.2 LLM-Based BIM Systems 

LLMs have been applied to both BIM creation and editing and natural-language querying. For 
generation, most systems translate natural-language instructions into executable actions on 
proprietary BIM APIs. Text2BIM (Du et al., 2024a) and earlier work (Du et al., 2024b) use 
multiple LLM agents with custom tools built on the Vectorworks API. NADIA (Jang et al., 
2024), Text-to-Layout (Duggempudi et al., 2025), Dong et al. (2025), and Fernandes et al. 
(2024) target the Revit API for tasks such as layout generation, wall creation, clash detection, 
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and information retrieval. BIMgent (Deng et al., 2025) takes a different approach, controlling 
BIM software through mouse and keyboard actions using screenshots as visual feedback. For 
querying, Zheng and Fischer (2023) convert BIM data into MongoDB and use an LLM to 
generate database operations, Hellin et al. (2025) rely on a predefined function library for IFC 
retrieval, Li et al. (2025) combine spatial indexing with multi-agent LLMs for complex spatial 
queries, ARCBIM (Guo et al., 2025) translates queries into executable code via specialized 
LLMs, and BIMCoder (Liu and Chen, 2025) maps queries to SQL-like or IFCQL statements. 
Most of these systems are tightly coupled to proprietary platforms such as Revit and 
Vectorworks, limiting portability across BIM environments. In contrast, our framework 
operates directly on the open IFC standard (ISO 16739-1, 2024), providing a reusable tool 
interface applicable across any BIM environment that supports IFC. 

3.​ System Architecture 
The framework follows the standard MCP architecture and consists of three components: an 
AI client that provides the LLM interface, an MCP server that exposes the implemented tools 
and routes requests, and a Blender add-on that executes BIM operations using IfcOpenShell. 
A detailed workflow is shown in Figure 1. First, the AI client connects to the MCP server and 
retrieves all the available tool definitions in JSON format. These tool definitions are inserted 
into the system prompt so the LLM can interpret their functionality through in-context 
learning. When a user submits a request, the LLM selects an appropriate tool, generates 
structured parameters, and sends the request to the MCP server. The server validates the 
request and forwards it through a socket connection to the Blender add-on, which executes the 
operation and returns a structured result. The LLM then decides the next step and continues 
until the task is completed or a client-side iteration limit is reached. 

 

Figure 1: System architecture 

3.1 Tool Interface Design 
Each tool is defined by four components: (i) a unique name (e.g., create_wall), (ii) a 
natural-language description of its purpose and usage, (iii) an input schema in JSON Schema 
format with required parameters, types, and default values, and (iv) a structured JSON output 
containing a success status, created element identifiers such as IFC GlobalIds, and diagnostic 
information. These descriptions serve as in-context documentation, making tools 
self-describing and usable without additional model training. Adding new tools only requires 
providing their schema and descriptions in the system prompt. Table 1 summarizes the 52 
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tools in our framework organized by category. Figure 2 shows a multi-turn interaction 
example in which the LLM creates a rectangular room with a floor slab and also illustrates 
simplified schema representations as they appear in the system prompt during inference.  

Table 1: Tool taxonomy with categories, counts, and examples. 

Category Count Examples 
Scene Query 11 get_scene_info, get_object_info, get_wall_properties, .. 

Creation  18 create_wall, create_slab, create_roof, create_surface_style, .. 
Modification 8 update_wall, update_roof, update_slab, .. 

Geometry/Mesh 4 create_trimesh_ifc, create_mesh_ifc, .. 

Code Execution + RAG 7 execute_ifc_code_tool, execute_blender_code, 
search_ifc_knowledge, find_ifc_function, .. 

Visual Feedback 2 capture_blender_3dviewport, capture_blender_window 
System Utilities 2 list_blender_commands, ensure_ifc_knowledge_ready 

 

Figure 2: Example multi-turn interaction with claude sonnet 4.5 creating a rectangular room and a 
simplified representation of example tool definitions that are injected in the system prompt. 

The framework provides a set of predefined tools that cover common IFC tasks across scene 
query, element creation and modification, property retrieval, style and material control, and 
visual feedback (Table 1). Scene query tools help the model inspect the current state of the 
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project before taking any action. Creation tools add common building elements such as walls, 
slabs, roofs, doors, windows, and stairs and returns a GlobalId that can be reused in 
subsequent tool calls. Modification tools allow the LLM to update existing elements by 
changing their parameters or geometry. Together, these tools cover a wide range of common 
BIM operations and encode correct IFC patterns such as spatial containment and geometric 
representations, so the LLM only needs to specify parameters.  

For tasks beyond the predefined set, the framework adds a second layer combining mesh 
tools, code execution, and retrieval support. Mesh tools use in-context Trimesh examples 
(Dawson-Haggerty et al., 2019) to guide the LLM in generating freeform geometry (e.g., 
curved or irregular shapes), which is then converted into IFC elements. Dynamic code 
generation tools allow the LLM to write and execute Python code using IfcOpenShell during 
inference for custom IFC edits. The framework also provides in-context guidance and helper 
functions for interacting with the loaded model. Code generation is further supported by a 
retrieval system built on indexed IfcOpenShell documentation in a ChromaDB vector 
database, which helps ground the generated code in the correct API usage. This is especially 
useful when the API changes often. All generated code runs in a restricted sandbox with 
limited libraries, blocked file system and network access, and execution timeouts. Each run 
returns structured feedback, allowing the LLM to iteratively diagnose and correct failures. 

3.2 Tool Interface Design 
A key design consideration when developing these tools is how to convert existing software 
operations into interfaces that an LLM can use reliably. BIM authoring environments such as 
Bonsai in Blender mainly expose functionality through graphical interfaces, where users 
select element types, adjust parameters, confirm actions, and place geometry in the 3D 
viewport. Such multi-step GUI workflows are not directly suitable for LLMs, which operate 
on text and structured inputs rather than interactive visual actions. Our approach maps these 
workflows into single tool calls with explicit parameters. For example, wall creation in 
Bonsai involves several GUI steps but is represented in the framework by one operation with 
arguments. Figure 3 illustrates this mapping. More generally, tool interfaces are designed 
around the strengths of LLMs rather than exactly mirroring the structure of the original GUI 
or low-level APIs. Following common best practices (Qin et al., 2023; Schick et al., 2023), 
our tools use clearly defined parameters, perform single operations, and return structured 
outputs which improves reliability in multi-step workflows. 

 

Figure 3: Mapping GUI operations to LLM tools. Creating a wall in the Bonsai add-on requires 
multiple GUI steps and is encapsulated into a single tool call. 
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4.​ Experiments and Results 

We evaluate the framework through three experiments. The first experiment uses a custom 
IFC benchmark to compare the full toolset pipeline with configurations that use only the code 
generation for measuring the contribution of the predefined tools. The second experiment 
evaluates the framework on the existing IFC-bench-v1 dataset for scene querying to show 
how well the framework generalizes across different LLMs. The third experiment 
demonstrates practical geometry generation and multi-turn iterative design workflows using 
Claude Desktop as the LLM client. 

4.1 Custom IFC Benchmark 

To evaluate the contribution of our tool framework, we constructed a custom benchmark of 
100 tasks covering retrieval (44), creation (30), and editing (26) operations across three 
difficulty levels: simple (44), medium (15), and complex (41). We use three IFC files of 
varying complexity (BasicHouse.ifc, TallBuilding.ifc, and LargeBuilding.ifc) from Wisén 
(2020). Tasks range from counting elements and reading attributes to multi-element 
construction (e.g., “create a room with four walls, a floor slab, a door, and a window”) and 
multi-step spatial reasoning (e.g., “how many doors to pass through to go from this bed to that 
bed”). Each task is scored automatically using a Python test script that uses the IfcTester 
library4 from the IfcOpenShell toolkit (1.0 correct, 0.5 partial, 0.0 incorrect).  

We compare three configurations using Claude Sonnet 4.5 and GPT 5.4. Code-Once generates 
only a single code block without execution feedback, testing single-attempt code generation. 
Code-Exec provides iterative access to the execute_ifc_code tool with error feedback for up to 
20 iterations, testing whether code generation alone with feedback is sufficient. All Tools 
provides access to all 52 tools from Section 3, allowing the LLM to freely choose between 
predefined tools and code generation. The IFC file is pre-loaded into Blender through the 
MCP server before each task, and an automated script launches Blender with the MCP server 
to run tasks without manual intervention. Table 2 shows the results. With Sonnet 4.5, both 
iterative configurations (Code-Exec and All Tools) achieve 86.0% overall accuracy, 
improving substantially over Code-Once at 53.2%. With GPT 5.4, Code-Exec reaches 82.9% 
and All Tools 82.4%, both above the 73.7% of Code-Once. This confirms across both models 
that execution feedback is essential for reliable IFC operations.  

Table 2: Custom IFC benchmark results by difficulty for Claude Sonnet 4.5 and GPT 5.4. Output 
tokens reflect the total generated across all 100 tasks. 

Model Difficulty N Code-Once Code-Exec All Tools 

Sonnet 4.5 

Simple 44 70.5% 95.5% 88.6% 
Medium 15 20.0% 80.0% 86.7% 
Complex 41 39.0% 73.2% 80.5% 
Overall 100 53.2% 86.0% 86.0% 

 Output tokens  66K 262K 114K 

 GPT 5.4 

Simple 44 79.6% 93.2% 88.6% 
Medium 15 86.7% 80.0% 80.0% 
Complex 41 58.5% 68.3% 70.7% 
Overall 100 73.7% 82.9% 82.4% 
Output Tokens  70K 89K 34K 

4 https://docs.ifcopenshell.org/ifctester.html 
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A consistent finding across both models is that All Tools generates substantially fewer output 
tokens than Code-Exec: 2.3× fewer with Sonnet 4.5 (114K vs. 262K) and 2.6× fewer with 
GPT 5.4 (34K vs. 89K). Predefined tools replace verbose code generation with compact tool 
calls, reducing both cost and latency since output tokens are typically 3-5× more expensive 
than input tokens. This benefit holds across both models, confirming that tool-based 
interaction provides a general mechanism for reducing output token usage. The tradeoff is that 
all tool descriptions require around 40K input tokens in the system prompt. This cost can be 
reduced with prompt caching and on-demand tool loading (Shi et el., 2025), where only the 
tools needed for a given task are included. 

4.2 Scene Querying Evaluation on IFC-bench-v1 

In this experiment, we focus on scene querying using the existing IFC-bench-v1 benchmark 
(Hellin et al., 2025) and compare three models: GPT-5.4, Claude Sonnet 4.5, and GPT-5 mini. 
The same set of 52 tools is available to all models, and we evaluate their performance on the 
103 questions without additional fine-tuning or prompt engineering. Following Hellin et al. 
(2025), the questions are grouped into three categories: direct tasks (44), which require 
extracting information directly from the IFC model; indirect tasks (30), which require 
aggregation or computation such as counting elements or calculating areas; and insufficient 
tasks (29), where the required information is not present in the IFC model and the model must 
recognize that the query cannot be answered from the data. This experiment helps us 
understand how well the framework generalizes across different LLMs and which types of 
questions remain challenging for current models. We conduct the experiment with GPT-5.4, 
Claude Sonnet 4.5, and GPT-5 mini, and manually check the correctness of the answers. As 
shown in Table 3, GPT-5.4 achieves the highest accuracy of 73.33%, followed by Sonnet 4.5 
at 71.8% and GPT-5 mini at 65.0%. All models perform well on tasks with directly available 
information (70-82%), and they also perform well on insufficient-information tasks (86-97%). 
This shows that current LLMs can reliably determine whether information is present in the 
IFC model and retrieve it when available. As expected, indirect tasks remain the most difficult 
because they require the model to retrieve multiple values and combine them through 
additional reasoning steps. 

Analyzing tool usage for correctly solved tasks with Sonnet 4.5, we find that the code 
execution tool accounts for 54.8% of all invocations, followed by scene overview and object 
query tools at 21.6% and 11.8%, respectively. This is expected because aggregation tasks such 
as counting, filtering by type, and reasoning over relationships require procedural logic. 

Table 3: Accuracy on IFC-bench-v1 (Hellin et al., 2025) for three models using the full toolset. 

Category 
GPT-5.4  Sonnet 4.5  GPT-5 mini 

Corr   Incorr Acc  Corr Incorr Acc  Corr Incorr Acc 
Direct 36 8 81.82%  34 10 77.3%  31 13 70.5% 
Indirect 13 19 40.62%  12 18 40.0%  11 19 36.7% 
Insufficient 28 1 96.55%  28 1 96.6%  25 4 86.0% 
Total 77 28 73.33%  74 29 71.8%  67 36 65.0% 

4.3 IFC Generation and Interactive Workflows 

Beyond structured benchmarks, we demonstrate the framework’s capability for IFC 
generation by connecting our framework to Claude Desktop, an interactive LLM client. 
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Figure 4 shows IFC geometry generated from six single prompt tasks and compares the full 
toolset (top row) with Code-Exec only (bottom row). The predefined creation tools produce 
more coherent structures, especially for standard building elements because the tools encode 
correct IFC patterns. For non-standard geometry such as bridges or curved structures, the 
model combines predefined tools with custom mesh generation. IFC Code generation alone 
often produces disconnected or incomplete geometry on complex prompts. Despite the visual 
coherence, the generated IFC files from both configurations still lack some production BIM 
features such as complete property sets, correct space definitions, and material layer 
assignments. These examples show the current capabilities of the framework and the LLMs, 
and they also show that both still need improvement. We believe the tool-based approach 
provides a promising direction because it allows more domain knowledge and constraints to 
be encoded into the tools, which can guide the LLM toward generating higher-quality BIM 
models.  

 

Figure 4: IFC geometry generation from text prompts with Claude Sonnet 4.5. Top row: All tools. 
Bottom row: Code-Exec only. The prompts are shortened here for display. 

We also test multi-turn generation with all tools enabled. Figure 5 shows a six-step workflow 
where the model incrementally builds an L-shaped house with a floor slab, perimeter walls, 
door insertion, second-floor slab, hip roof, and styling. Each step builds on the previous 
geometry, and the model correctly references existing elements when adding new ones. This 
capability extends to any tool-compatible LLM system, and demonstrates that the framework 
can serve as a general interoperability layer between LLMs and BIM software. 

 

Figure 5: Multi-turn generation of an L-shaped building with Claude Sonnet 4.5 using all tools.  

5.​ Discussion 
The key insight from our experiments is that iterative execution feedback is more important 
than any single toolset. Allowing the model to execute actions, observe errors, and revise 
decisions makes IFC interaction much more reliable than one-shot generation. Predefined 
tools and dynamic code execution are complementary. Predefined tools improve efficiency 
and consistency for common structured operations, while code execution remains necessary 
for procedural and non-standard tasks. These results also show that improving tools alone is 
not sufficient. As the number of available tools increases, performance can decline if the 
underlying LLM cannot reliably select and use them (Shi et el., 2025). Retrieval support can 
further improve performance, especially for smaller models by grounding code generation in 
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relevant API documentation and usage examples (Patil et al., 2023). Future progress in 
tool-based BIM systems therefore depends on both better tool design and stronger LLM 
reasoning, planning, and code generation capabilities. Overall, the combined approach 
provides a practical path forward for robust BIM interaction. 

6.​ Conclusion and Future Work 

We presented an open-source, tool-based framework that enables LLMs to query, edit, and 
generate IFC-based BIM data through a structured set of 52 tools. By operating directly on the 
IFC standard through IfcOpenShell, the framework provides an open and 
platform-independent interface for AI-assisted BIM workflows. The architecture combines 
predefined parametric tools, dynamic code generation, and retrieval support. Our experiments 
show that iterative execution feedback improves accuracy, and that predefined tools help 
reduce output tokens compared to code generation alone. On IFC-bench-v1, the framework 
paired with GPT-5.4 achieves up to 73.3% accuracy without task-specific toolbox 
engineering. IFC generation and multi-turn design further demonstrate that the framework 
supports interactive BIM workflows.  

Several directions remain for future work. Stronger BIM benchmarks that include IFC schema 
validation and semantic completeness checks are needed for production-level evaluation. 
Fine-tuning models on IFC-specific tasks could improve generative accuracy, especially for 
complex geometry and spatial reasoning where current models still struggle. Higher-level 
design abstractions such as room-level operations or building templates could reduce the 
number of tool calls required for complex designs. User studies with BIM practitioners are 
needed to evaluate the usability of natural-language BIM interaction in practice. Finally, 
connecting the framework to downstream construction applications such as compliance 
checking, quantity take-off, and digital twin workflows would help position it as a general 
interoperability layer for AI-assisted open BIM workflows. 
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