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Abstract

While Building Information Models (BIM) effectively store
building-related information, accessing it requires spe-
cialized software and expertise. Natural Language (NL)
interfaces for BIM data retrieval can mitigate this chal-
lenge, but existing approaches are limited by rigid onto-
logical frameworks or extensive pre-processing require-
ments. We present a Large Language Model-based agentic
workflow that processes NL queries and automatically in-
teracts with [IFC-encoded BIM models without ontological
or pre-processing constraints. In tests across architectural,
structural, and MEP domains, our approach achieves 80%
overall accuracy. We provide open access to IFC-Bench-v1,
our evaluation dataset containing various queries, answers,
and reference BIM models.

Introduction

The Architecture, Engineering, Construction, and Opera-
tions (AECO) industry is experiencing an unprecedented
digital transformation, with Building Information Model-
ing (BIM) emerging as its cornerstone technology. BIM
has fundamentally revolutionized design processes and
project management throughout built asset life-cycles
(Borrmann et al., 2018b), yet significant adoption barriers
persist despite its demonstrated capacity to integrate
multi-dimensional data and facilitate stakeholder collab-
oration. Research indicates that high initial investment
requirements—encompassing software, hardware, and
training expenditures—constitute primary adoption
barriers, particularly affecting small and medium-sized
firms (Chowdhury et al., 2024; Hosseini et al., 2016).
Moreover, the inherent complexity of BIM systems creates
persistent challenges even post-implementation, preventing
the full realization of BIM’s benefits globally.

Natural language interfaces for BIM can help address these
challenges by providing an intuitive access to building infor-
mation for stakeholders who lack specialized BIM software
expertise, aligning with their established practice of direct
information queries (Paredes-Valverde et al., 2016). Fur-
thermore, such interfaces are not only helpful for humans,
but can also enable the development of sophisticated NL-
based automated systems that can interpret and act upon
BIM data, such as:

1. Automated maintenance systems enabling natural lan-
guage defect reporting while retrieving relevant BIM
data for facility managers (Jeon et al., 2024)

2. Intelligent assistants supporting BIM authoring and
updates through natural language interaction (Du et al.,
2024)

3. Automated code compliance systems that interpret
building regulations and verify compliance through
targeted BIM queries (Fuchs, 2021)

While recent research has explored various approaches to
natural language information retrieval from BIM models,
current solutions face significant limitations. Traditional
ontology-based approaches (Yin et al., 2023; Nabavi et al.,
2023) struggle with scalability, and newer Language Model
methods (Zheng and Fischer, 2023) require extensive
pre-processing and manual schema development.

This paper presents the first method for retrieving informa-
tion from BIM models encoded using the Industry Foun-
dation Classes (Borrmann et al., 2018a) schema that: (1)
does not necessitate manual data pre-processing, (2) is not
bound by ontological or domain constraints, and (3) han-
dles complex multi-hop queries. Additionally, we introduce
IFC-Bench-v1, an openly accessible dataset enabling re-
producible experimentation and systematic benchmarking
of future approaches.

Related work

The challenge of accessing BIM information through
natural language has garnered increasing attention over the
past decade, producing diverse methodologies including
ontology-based systems, machine learning approaches,
and prompt-based solutions.

Lin et al. (2016) developed a natural language process-
ing approach using tokenization, tagging and parsing
techniques, combined with mapping to IFC entities via a
MongoDB database. Their system is significantly limited
in that it can only process simple sentences without verbs
and pronouns, relies on a predefined keyword mapping
between accepted words and IFC entities, and does not



support multi-hop queries.

Wang et al. (2021) developed a hierarchical tree-based
system (BIH-Tree) for BIM that processes multi-scale
queries by combining word segmentation, semantic
disambiguation, and syntactic analysis with IFC schema
and IFD for ontology mapping. However, the approach
requires extensive data pre-processing and relies heavily
on ontology/keyword mapping—specifically using IFC
schema to construct the BIH-Tree and IFD for semantic
disambiguation. It is further limited by rigid dependency
rules that primarily support parent-child relationships, re-
stricting its flexibility for modeling complex relationships.

Yin et al. (2023) developed an ontology-aided semantic
parser that transforms natural language questions into
SPARQL queries. While demonstrating the potential
of ontological approaches, its scope encompasses only
nineteen building element types (including IfcWall,
IfcRoof, and IfcBeam) and two spatial elements (IfcSpace
and IfcBuildingStorey). This constraint, along with the
inability to process quantitative queries, illustrates the
challenge of developing comprehensive ontologies for
diverse BIM models.

Nabavi et al. (2023) proposed a machine learning approach,
combining support vector machines (SVM) for query
classification with natural language processing (NLP) for
keyword extraction. Their implementation is limited by the
requirement for predefined query types in SVM training,
the reliance on pre-processed element information lists
rather than direct model access, as well as relying on
ontology databases (like IfcOWL), and the pre-defined set
of function to retrieve information from the BIM model
(only 6 in total in their experiment). This approach also
does not support the multi-step reasoning necessary for
complex queries.

Zheng and Fischer (2023) introduced a dynamic prompt-
based methodology utilizing LLMs for BIM information
retrieval.  Their approach implements a sequential
workflow where an LLM analyzes queries to identify
types, parameters, and values, then generates appropriate
database queries to retrieve information from a MongoDB
database. While this approach eliminates the need for
predefined ontologies, it necessitates manually converting
the BIM model into a document database first, and is
limited to queries whose answers can be directly retrieved
without logical inference or multi-hop reasoning.

Based on our extensive literature review, we found that
existing solutions suffer from at least one of these critical
limitations: (1) dependency on rigid ontologies or keyword
mapping systems, (2) requirement for extensive manual
data pre-processing for each BIM model to be queried, or
(3) inability to handle multi-hop queries. Our research
bridges this gap through a novel LLM-based agentic

workflow approach that operates independently of onto-
logical frameworks, interfaces directly with IFC-encoded
BIM models without pre-processing requirements, and
supports both flexible query processing and sophisticated
multi-stage reasoning capabilities.

Methodology
System Overview

The proposed system for answering NL queries related to
a BIM model is an LLM-based agentic workflow. In this
context, agentic workflows are Al-driven systems where in-
telligent agents execute predefined tasks and autonomously
plan, adapt, and make decisions in real-time. The system
takes NL queries as input and provides reality-grounded
answers by accessing and interpreting BIM model data.
Figure 1 presents an overview of the system architecture.

External Resources

The system relies on two primary external resources: the
tools and the BIM model. The BIM model, stored in IFC
format, serves as the source data for all information retrieval
operations. The tools are Python functions that can directly
interact with any valid IFC file. Each function enables
the retrieval or computation of information from the BIM
model. Table 1 lists all 29 functions implemented for this
experiment, categorized by their type of operation.

Agentic workflow

The proposed agentic workflow comprises two steps:

1. A tool selection step where an LLM prompted using
Chain of Thought selects the tools necessary to answer
the question.

2. A tool execution step where a ReAct agent uses the
selected tools (Python functions) to interact with the
BIM model, retrieve and process relevant information,
and answer the question.

This approach is motivated by the need to: (1) minimize
the context length of the input provided to the LLM,
and (2) decompose the main task into two smaller, more
manageable tasks.

Levy et al. (2024) demonstrated that LLMs exhibit notable
degradation in reasoning performance at input lengths
far shorter than their technical maximum. Limiting the
context length to include only relevant information is key
to improving the system’s performance. For this reason,
we include only the tool names and full descriptions
of the selected tools in the context window of the tool
execution step. This approach avoids overloading the input
with unnecessary tokens from tools that are irrelevant to
answering the question.

Khot et al. (2022) demonstrated that decomposing
a complex task into multiple smaller tasks improves
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Figure 1: Overview of the system architecture

the performance of LLM-based systems compared to
attempting to solve the complex task all at once.

Thus, the proposed workflow is divided into two steps (tool
selection and tool execution), which simultaneously limits
the context length for the challenging task and decomposes
the main task into two smaller, more manageable tasks in
order to maximize the system’s performance.

Step 1: Tools and BIM model selection

In this first step, an LLM is prompted using the Chain-of-
Thought (CoT) prompting strategy (Wei et al., 2023) to
function as an intelligent query interpreter, model selector,
and strategy planner. This implementation leverages the
CoT technique’s systematic reasoning capabilities to de-
compose complex queries into sequential analytical steps,
thereby enhancing the accuracy of tool and model selection
processes. The LLM processes three primary inputs:

1. The available IFC models encompassing architectural,
mechanical, electrical, plumbing (MEP), and struc-
tural domains

2. A comprehensive catalog of tools with their corre-
sponding functionality specifications

3. The user’s natural language query

Based on its analysis of the query’s requirements, the LLM
identifies: (1) the specific BIM model to query, and (2) the
list of relevant tools to be passed to the next step.

Step 2: Information retrieval and answer generation

In the second step of the workflow, a ReAct agent (Yao
et al., 2022) is employed to retrieve information from
the BIM model. A ReAct agent alternates between
“reasoning,” “action,” and observation” phases to
achieve its objective, with the “observation” being the
result of executing the requested “action”. This strategy
allows the agent to adapt its plan based on the outcomes
of its interactions with the environment (provided as
“observations”).

In our implementation, actions correspond to the use
of tools (Python functions) for retrieving information
from the BIM model. The agent receives the user’s
question and detailed descriptions of the tools selected
in the initial step. In the reasoning phase, the agent
determines which combination of tools to use and with
what arguments to formulate a response. During the
action phase, the agent invokes specific functions with
appropriate arguments to retrieve information from the
BIM model. The output of each function is appended to
the agent’s conversation history, informing subsequent
reasoning cycles. This enables the agent to dynamically
adjust its planning based on new insights gained from the
tools. The process continues until the agent has gathered
sufficient information to answer the user’s query.

The ReAct architecture was selected for its ability to handle
queries requiring variable-length reasoning and information



retrieval chains. The number of steps required depends on
both the query complexity and the characteristics of the tool
implementation. This adaptive approach enables iterative
information gathering and strategy refinement, increasing
the likelihood of accurate query resolution.

Table 1: List of available functions categorized by operation type

Category Functions

Information Retrieval
* find_elements_by_ifc_class

 get_element_properties

 get_available_models

* get_model_path

* list_object_types_for_ifc_en-
tity

* list_rooms

* get_storeys_names

* get_type_definitions_and_in-
stances

* get_state

* is_georeferenced

Quantity Computation .
¢ calculate_glazing_area

* calculate_gross_floor_area

* calculate_usable_floor_area

¢ count_windows_on_facade

* extract_quantity_from_prop-
erty_sets

* get_elements_area

* get_elements_volume

» get_pipe_length_by_type

Geometric Processin .
g * get_element_bounding_box

* bounding_box_intersect

 get_contain-
ing_rooms_for_entities_type

* get_contain-
ing_rooms_for_entity_guids

 get_containing_storey

» get_door_dimensions

* get_elements_in_room

 get_floor_to_floor_height

» get_room_ceiling_height

» get_rooms_with_outdoor_ac-
cess

* check_door_accessibility

Python Interpreter

The Python Interpreter serves as the execution engine for the
ReAct agent’s actions, bridging the gap between the LLM’s
decision-making and the actual information retrieval from
BIM models. Its primary functions are:

1. Action Execution: When the ReAct agent selects an
action, the interpreter parses this command using reg-
ular expressions to extract the function name and ar-
guments.

2. Function Matching: The interpreter matches the ex-
tracted function name against the available tool library
and executes the corresponding Python function with
the provided arguments.

3. Observation Generation: Results from executed func-
tions are formatted and returned to the agent as “ob-
servations,” providing the factual data needed for sub-
sequent reasoning steps.

4. Control Flow: This cycle continues until the agent
issues a “finished” action, signaling that sufficient
information has been gathered to answer the user’s

query.

The Python Interpreter functions as the deterministic coun-
terpart to the stochastic nature of the LLM. While LLM
reasoning contains inherent variability, Python functions
consistently produce identical outputs for given inputs. This
determinism constrains the space of potential answers by
introducing factual patterns into the token sequence, effec-
tively grounding the LLLM’s responses in reality through
precise information retrieval from the BIM model.

Experiment
Overview

To evaluate the effectiveness of the proposed approach quan-
titatively, we conducted an experiment comprising the fol-
lowing steps:

* Implemented the system using Python

* Developed a dataset containing 99 question/answer
pairs

* Selected the best performing LLM from a selection of
seven LLMs of varying sizes, types, and origins

* Evaluated system performance using the compiled
dataset and selected LLMs

Each of these steps is described in more detail in the fol-
lowing sections.

Implementation

The proposed architecture was implemented in Python,
leveraging two key libraries: DSPy for streamlining LLM
interactions and IfcOpenShell for BIM model manipulation.
DSPy (Khattab et al., 2023) provides a systematic approach
to creating LLM pipelines. The framework’s core concept
emphasizes declarative syntax for specifying system in-
puts and outputs, eliminating the need for manually crafted
prompts developed through time-consuming trial and error
processes.

IfcOpenShell!, an open-source (LGPL 3) software library
developed by Thomas Krijnen, enables developers to work
with Industry Foundation Classes (IFC) file formats. It
provides comprehensive parsing support for various IFC

Thttps://github.com/IfcOpenShell/IfcOpenShell



schemas and offers both C++ and Python APIs for reading,
writing, and manipulating Building Information Modeling
(BIM) data.

Dataset

To the authors’ knowledge, as of 2024, there are currently no
publicly available datasets of question-answer pairs related
to open BIM models. While the BINLQ dataset (Wang
et al., 2022) is referenced in several scientific publications
(Zheng et al., 2023), it remains inaccessible to the public.
For the validation of our proposed approach, we developed
IFC-Bench-v1, a comprehensive dataset comprising 99
domain-specific question-answer pairs for BIM informa-
tion retrieval. The dataset incorporates four BIM models
derived from two reference projects: the Duplex House
Project and the Dental Clinic Project. To facilitate repro-
ducibility and further research in BIM information retrieval,
we have made the dataset publicly accessible through a
version-controlled repository?.

BIM Models

The source BIM models used in this study are standardized
reference models provided by BuildingSMART Interna-
tional, with detailed provenance information included in
the dataset documentation.

The Duplex Project (Figure 2) represents a small housing
development featuring two attached houses (A and B), with
a Gross Floor Area (GFA) of approximately 400 m2. For
this project, we utilized both architectural and Mechanical,
Electrical and Plumbing (MEP) models.

Figure 2: BIM model of the Duplex House project

The Dental Clinic Project (Figure 3), on the other hand,
comprises a larger medical facility with a GFA of approx-
imately 4,500 m2, represented through architectural and
structural models.

Question-Answer pairs

We categorized questions based on how readily their an-
swers can be found in the BIM model:

* Directly accessible information (44% of queries):
Inquiries where required data is explicitly encoded
in model properties (e.g., "What is the depth of the
foundation?”).

Zhttps://github.com/sylvainHellin/ifc-bench

Figure 3: BIM model of the Duplex House project

* Indirectly accessible information (29% of queries):
Inquiries necessitating computational processing or
relational inference across multiple model elements
(e.g., "What type of roof structure is used?”).

* Insufficient information (26% of queries): Complex
inquiries requiring integration of model data with do-
main expertise not encoded within the model itself
(e.g., "What is the expected lifespan of the roofing
material?”).

The IFC-Bench-vl dataset deliberately encompasses a
broader range of query complexities compared to estab-
lished benchmarks such as BINQL (Wang et al., 2022).
While BINLQ primarily focuses on direct queries utilizing
specific component identifiers or exact component names,
our dataset incorporates more complex queries that require
multi-step reasoning, indirect information extraction, and
general nomenclature that may not align with BIM model
conventions. This deliberate dataset design better reflects
queries posed by real-world professionals, providing a
more realistic assessment framework. Unlike datasets
limited to directly answerable questions (comprising only
44% of our dataset), our comprehensive approach evaluates
performance across the full spectrum of real-world query
types. While this naturally results in lower aggregate
performance metrics compared to more limited bench-
marks, it offers a more honest and practical assessment of
how systems would perform in actual professional contexts.

For each question-answer pair in the dataset, we specify
the associated project and required BIM model for analysis.
Given the complexity of building information queries, the
ground truth answers are provided in natural language for-
mat to accommodate responses that go beyond simple value
extraction. To illustrate this complexity, consider the query
“”What type of heating system is used in the bathrooms?”
The corresponding ground truth answer in our dataset is:
”The bathrooms are heated by wall-mounted hydronic radi-
ators connected to a central boiler system.” This example
demonstrates the inherent complexity of BIM queries and
illustrates our natural language approach to ground truth
representation. The dataset and associated BIM models are
available through our public repository, enabling quanti-
tative benchmarking for future research. To enhance the



utility of the dataset, we encourage community contribu-
tions for its continued expansion and refinement.

Language Model

Our system architecture is designed to be model-agnostic,
making it easy to swap different LLMs as needed. This
flexibility allows users to select models based on specific
requirements such as accuracy, response time, or cost con-
siderations. The modular design ensures compatibility with
future LLMs without requiring architectural changes or re-
training. This approach offers a significant advantage over
systems that depend on specialized model training or fine-
tuning, making our solution more adaptable to the rapidly
evolving landscape of LLM technology. Importantly, this
design allows our system to automatically benefit from im-
provements in LLM capabilities—rather than becoming
obsolete, our results would only improve as more capable
models emerge.

For this experiment, we report the results obtained by using
Claude-3.5-sonnet (Anthropic, 2024), as this model deliv-
ered the highest accuracy compared to the other language
models we tested.

Evaluation Methodology

Given the natural language format of our ground truth an-
swers, traditional exact-match evaluation metrics are not
applicable for assessing response accuracy. We therefore
adopted the "LLM-as-Judge” evaluation framework (Zheng
et al., 2023) to determine the semantic equivalence between
generated responses and ground truth answers.

Results

Overall Performance

Information Count Correct Accuracy
Directly available 44 42 95%
Indirectly available 29 18 62%
Insufficient 26 19 73%
Total 99 79 80%

Table 2: Accuracy by information availability in the BIM model

The system achieved an overall accuracy of 80% across 99
test queries, and 95% for the queries for which the informa-
tion is directly available in the BIM model. Table 2 presents
the accuracy breakdown by information accessibility.

The system performed exceptionally well when information
was directly accessible in the BIM model (95% accuracy),
clearly demonstrating the effectiveness of our approach.
Performance decreased for indirectly available informa-
tion (62%), where multiple processing steps or inferences
were required. Interestingly, for queries where informa-
tion was not explicitly available in the model, the system
still achieved 73% accuracy, indicating effective reasoning
capabilities.

Error heatmap
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Figure 4: Error Heatmap

Error Analysis

To better understand system limitations and potential im-
provements, we conducted a detailed error analysis of the
20 incorrect responses. Errors were classified into 2 group:
human-led errors and machine-led errors. Furthermore,
we analyzed the relationship between error types and the
type of question, providing deeper insight into the system’s
performance characteristics, as shown in Figure 4.

Human-Led Errors (55%)

Human-led errors accounted for 55% of all errors and can
be attributed to limitations in the implementation rather
than fundamental flaws in the LLM-based approach:

1. BIM Model Errors (10%): These errors stemmed
from inconsistencies or inaccuracies in the source BIM
models themselves. For example, unit conversion er-
rors from imperial to metric units in the waste pipe
diameter of the Duplex House project resulted in incor-
rect information despite proper information retrieval.

2. Wrong Tool Implementation (25%): Some tools
returned incorrect information under specific circum-
stances due to implementation limitations. For ex-
ample, our Gross Floor Area (GFA) calculation tool
failed to handle certain edge cases in the duplex house
project, resulting in inaccurate measurements.

3. Missing Tools (20%0): Several queries required func-
tionalities that were not implemented in our current
toolset, highlighting opportunities for expanding the
system’s capabilities. These errors occurred exclu-
sively with indirectly available information, where
specialized extraction tools would be necessary.

Machine-Led Errors (45%)

Machine-led errors, accounting for 45% of all errors, were
directly related to LLM limitations:

1. Different Assumptions (15%): In some cases, the
model made assumptions that, while reasonable, dif-
fered from the ground truth in our dataset. This error
type occurred exclusively with queries where informa-
tion was not directly available in the model, requiring
more interpretive reasoning.



2. Wrong Reasoning/Tool Usage (30%): The most com-
mon error type involved incorrect reasoning paths or
inappropriate tool selection, indicating areas where
the LLM’s decision-making could be improved. These
errors were distributed between indirectly available (4
instances) and unavailable information (2 instances)
queries.

Error Patterns by Information Accessibility

The cross-analysis of error types and information accessi-
bility reveals clear patterns:

1. Directly Available Information: The only errors (2)
in this category resulted from inaccuracies in the BIM
models themselves, not from the system’s processing
logic. This explains the high 95% accuracy for these
queries and suggests that with perfect BIM models,
near-perfect accuracy is achievable for direct informa-
tion retrieval.

2. Indirectly Available Information: Errors in this cat-
egory were evenly distributed across wrong answers
(4), missing tools (4), and wrong tool selection (3).
This balance suggests that improvements in tool avail-
ability and implementation would have the greatest
impact on system performance for this query type.

3. Insufficient Information: Errors in this category
were primarily due to different assumptions (3), fol-
lowed by wrong answers (2) and faulty tool implemen-
tation (2). As with the previous category, developing
additional specialized tools could provide more factual
grounding to prevent the model from making assump-
tions.

Limitations

While the overall accuracy rate of 80% and up to 95% when
the information is directly stored in the BIM model demon-
strates the viability of our approach, it remains insufficient
for integration into complex workflows or user-facing appli-
cations. Our analysis has identified several critical factors
that contribute to these performance limitations.

Prompt Optimization

The current implementation lacks systematic optimization
of LLM prompts, a crucial component for enhancing sys-
tem performance. Following established methodologies
(Khattab et al., 2023), future work should incorporate sys-
tematic dataset partitioning into training and testing sets,
enabling robust prompt engineering and optimization pro-
cedures. This should be particularly effective in reducing
machine-led errors.

Tool Implementation Constraints

Proper tool implementation represents the primary bottle-
neck of the current system, as tool creation is currently
labor-intensive and error-prone. It is impossible to imple-
ment the comprehensive toolset required for all potential

queries, and as the implementation of some tools requires
complex geometry processing and information handling,
it is very difficult to create perfect tools that never return
the wrong answer (as discussed above in the error analysis,
wrong tools and missing tools are the direct cause of almost
half of the errors). For example, creating a tool that could
reliably assess the distance from the furthest point to the
nearest emergency exit is quite a challenge. A promising so-
lution would be extending the system to add a tool-making
agent, where a new agent could design and test new tools
on demand. This would both reduce human-led errors and
expand the system’s capabilities without requiring man-
ual implementation of every possible tool. This approach
would directly address the fundamental implementation bot-
tleneck while significantly enhancing the system’s practical
versatility.

Conclusions

This research has demonstrated the viability of our LLM-
based agentic workflow approach for BIM information
retrieval, achieving an overall accuracy rate of 80% and
up to 95% when information is directly stored in the
BIM model. The system successfully processes complex
natural language queries across architectural, structural,
and MEP domains while addressing key challenges in BIM
information accessibility.

Our primary contributions include: (1) a novel LLM-based
agentic workflow for BIM information retrieval, (2) an
open-source dataset enabling experimental reproduction
and benchmarking, and (3) identification of critical factors
affecting system performance in real-world applications.
These establish a foundation for future research in natural
language interfaces for BIM information retrieval.

The practical implications are significant, offering a
promising solution for stakeholders who require BIM
information but lack proficiency in specialized authoring
tools. The system architecture provides a framework
for integrating natural language processing into broader
automation workflows, potentially transforming how build-
ing information is accessed across the construction industry.

Future research should address limitations through: (1)
prompt optimization, (2) improvement of available tools,
and (3) integration of tool generation capabilities. While
the current implementation demonstrates the feasibility of
natural language-based BIM information retrieval, the open-
source nature of our dataset and methodology provides a
foundation for collaborative advancement in this critical
area of construction information management.
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