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ABSTRACT Building Information Modeling (BIM) is central to modern construction and design, with
the Industry Foundation Classes (IFC) format serving as a widely adopted open standard for representing
building models. However, IFC data is notoriously complex as it encodes structural, geometric, and semantic
information in deeply nested relationships that are difficult to interpret without specialized tools and
domain expertise. This complexity limits access to meaningful insights, particularly for non-technical
stakeholders. We introduce BIM-GRASP, a novel system-level application that combines Graph-Retrieval
Augmented Generation (Graph-RAG) with Generative AI to enable natural language interaction with
IFC building models. BIM-GRASP transforms IFC files into a knowledge graph, which is then queried
by a Large Language Model (LLM) to answer questions about building elements such as geometric
attributes, material specifications, and inter-element relationships. Unlike traditional IFC parsers, BIM-
GRASP supports complex queries that require reasoning across multiple layers of the IFC hierarchy as it is
able to retrieve information from disparate parts of the model. This allows users to ask questions and receive
accurate, context-aware answers in natural language, without relying on schema-level navigation or technical
syntax. Our findings show that providing the model with domain-specific In-Context Learning (ICL)
significantly improves precision and relevance in information extraction, achieving an average accuracy of
88% across diverse building models and query types. To the best of the authors’ knowledge, BIM-GRASP
is the first framework of its kind to enable the parsing of IFC data as a knowledge graph through natural
language without requiring specialized technical expertise or manual schema navigation. By bridging the gap
between complex building data and non-technical stakeholders, BIM-GRASP accelerates decision-making
and improves transparency across the built environment.

INDEX TERMS Building information modeling (BIM), generative AI application, graph-RAG, industry
foundation classes (IFC), semantic querying.

I. INTRODUCTION
BIM (Building Information Modelling) is widely applied in
the Architecture, Engineering, Construction, and Operation
(AECO) sectors to organize and disseminate building-related
data throughout all phases of a construction project. Since
the introduction of the IFC (Industry Foundation Classes)
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standard by buildingSMART [1], most BIM platforms
have adopted IFC as the primary format for storing,
exchanging, and retrieving information about architectural
components [2], [3]. IFC files are data-dense and structurally
intricate text-based formats designed to enable data sharing
across disciplines and software platforms throughout the
project life cycle. While several commercial and open-source
tools support interaction with IFC data [4], [5], [6], retrieving
useful information from these files often demands not only
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FIGURE 1. BIM-GRASP retrieval system queries a generative language model, by asking
questions in natural language about specific information in the IFC data. We transform the
IFC data into a knowledge graph. The LLM uses: 1) its pretrained knowledge, 2) the
knowledge graph, and 3) the query to extract the correct answer from the complex IFC data.

technical familiarity with the intricate structure of the IFC
schema but also practical experience with specialized BIM
software tools. Additionally, many open-source IFC parsers
may compromise semantic integrity when comparing or
merging entities across IFC files [7].

To address these difficulties, numerous research efforts
have introduced automated tools and methods aimed at sim-
plifying the parsing of complex IFC data. These approaches
typically involve converting IFC content into alternative
formats using rule-based mappings [8], graph-theoretical
models [9], structured query languages [10], or ontology-
based representations [11]. However, such solutions often
require detailed expertise in query syntax and mapping
logic to extract specific attributes or entity relationships.
Furthermore, if these rules are incomplete or ambiguous,
the results may also be partial or not aligned with user
expectations [12].
More recently, research has explored the application of

Natural Language Processing (NLP) techniques for enabling
more intuitive access to IFC data. NLP-driven methods for
information retrieval have employed syntactic analysis [13],
dependency-based parsing [14], and keyword classification
approaches [15]. While the body of work on natural language
interfaces for IFC data remains limited, these methods have
shown considerable promise in improving access to building
information models by simplifying the interaction with IFC
complex data [16], [17].

In this study, we enhance NLP strategies by utilizing the
capabilities of Generative AI in conjunction with Graph-RAG
methodologies to construct a question-answering (QA) sys-
tem designed to interpret IFC data, with both user queries and
system outputs formulated in plain language.We demonstrate

that Graph-RAG provides a highly suitable method for
extracting and reasoning over IFC data for two key reasons.
Firstly, the complex interconnections among components
defined in IFC schemas such as walls, doors, floors,
and their associated attributes exhibit inherently graph-like
characteristics. In these graphs, nodes represent discrete
entities like building components (e.g., IfcWall, IfcDoor) with
descriptive attributes (e.g., Thermal mass, GrossVolume),
while edges define their interrelations, including spatial
hierarchies (IfcRelContained, InSpatialStructure) or physical
connections (IfcRelConnects) [1]. Secondly, Graph-RAG
enhances retrieval by returning cohesive subgraphs or groups
of related entities rather than isolated data points. For
instance, in response to a query such as ‘‘Which wall has
the highest dimension’s volume in this floor?’’, Graph-RAG
identifies and retrieves a subgraph that encompasses the
spatial configuration of the relative floor, the walls contained
within it, and the volume attributed to those walls. This
approach guarantees the extraction of data alongside the
essential contextual relationships, thereby improving the
precision and relevance of the system’s answers.

The most critical feature of our parsing system is its ability
to enable intuitive, natural language interaction with complex
IFC building data, thus eliminating the need for users
to possess technical expertise or familiarity with schema-
level representations. Figure 1 represents the pipeline used
for our BIM-GRASP retrieval system.1 As illustrated in
Figure 1, the BIM-GRASP multi-stage retrieval workflow
initiates with an Input Query provided in natural language

1A video demonstration showcasing the real-time operation of the system
is publicly accessible at: https://www.youtube.com/watch?v=F17NfOchfc8
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(e.g., ‘‘What is the material of the 2nd floor walls?’’). This
query, alongside structured building data supplied by the IFC
Graph Database, is fed into the core Graph RAG Com-
ponent. Within this module, the system drives two parallel
optimizations: 1) Query Enhancement, which utilizes rela-
tional data retrieved from the graph to refine the user’s search
intent, and 2) Knowledge Enhancement, which deploys
the Generative LLM’s foundational pre-trained knowledge
to contextualize the query with broader domain awareness.
Following these enhancements, the system executes aGraph
Retrieval to isolate the pertinent data paths in the graph,
yielding specific Retriever Results. In the final stage,
the framework performs a Natural Language Translation
on the retrieved graph data, converting complex relational
insights into a user-friendly Final Answer (e.g., ‘‘The 2nd
floor walls material is Betong’’). The detailed methodology
for each of these components is explained in Section IV.

Our top-performing language model utilizes In-Context
Learning (ICL) with GPT-4.1, achieving an average accuracy
of 88%. It is capable of accurately answering questions
of progressively increasing complexity. These questions are
derived from building models of varying scales, ranging from
simple structures to multi-storey developments. These results
demonstrate that our Graph-RAG framework, combined with
specialized generative AI capabilities, effectively reduces
the likelihood of hallucinations or interpretive errors when
retrieving and reasoning over complex datasets such as
those defined by the IFC schema. Moreover, due to the
inherent intricacy of IFC data which often poses difficulties
for individuals without technical expertise our BIM-GRASP
retrieval system provides an intuitive and user-friendly
interface by supporting natural language queries and easily
understandable responses.

Thus, our contribution in this research are as follows:
1) We apply Graph-RAG to model IFC data as graphs,

enabling structured retrieval and contextual reasoning.
2) We develop BIM-GRASP, a strong system-level appli-

cation and natural language QA tool that interprets IFC
queries and returns plain-language answers, adapting
existing Graph-RAG methodologies specifically for the
structural complexities of the IFC schema.

3) Our GPT-4.1 model, optimised with In-Context Learn-
ing (ICL), achieves 88% accuracy across diverse
building models and query types.

4) We release our BIM-GRASP codebase and retrieval
algorithm as open source, enabling replication and
adaptation for other IFC use cases.

The remainder of this paper is structured as follows.
Section II surveys key research efforts on parsing IFC data,
alongside emerging work in NLP focused on generative lan-
guage models. Section III provides a concise overview of the
IFC schema and the Graph-RAG technique as preliminaries
for addressing the challenge of transforming intricate IFC
data into a structured knowledge graph for the BIM-GRASP
system. Section IV elaborates our three-phase methodology
for constructing graph representations and implementing

Graph-RAG-based retrieval from IFC content. Section V
presents the results and error analysis. Finally, Section VI
concludes the paper by discussing the benefits, challenges,
and potential future improvements of our proposed method.
Both the IFC data and the source code supporting our
LLM-enhanced BIM-GRASP system are publicly available
at https://github.com/SimaIm/BIM-GRASP.

II. RELATED RESEARCH
Given the inherently complex nature of IFC models,
numerous studies have investigated information extraction
techniques to address diverse objectives, including verifying
compliance with modelling standards [18], detecting differ-
ences between IFC files [19], and facilitating data retrieval,
interpretability, and integration [12]. While research on IFC
data extraction spans diverse goals, its primary focus has
been on retrieving accurate and comprehensive information
from the various elements embedded within building models.
This is often achieved by transforming the IFC file into an
alternative data representation, which then allows informa-
tion retrieval through algorithmic methods [20], structured
query languages such as SPARQL [21], or graph-theoretic
and ontology-based frameworks [9].

However, the application of these methods remains chal-
lenging, as they require proficiency in specialised query
languages (e.g., SPARQL) and a solid understanding of the
target data format produced from the IFC model. To address
the complexity associated with mapping-based IFC retrieval
methods, recent research has increasingly explored the use
of NLP techniques to facilitate information extraction from
IFC data. An example is the work of [16] which proposed
an intelligent data retrieval and representation framework for
cloud-based BIM applications, employing NLP techniques
to map user requirements to IFC entities and properties
through keyword matching and constraint classification.
Another example is [17], which introduced a three-stage
QA system for IFC data retrieval. This system integrates a
natural language query analyser, a content-word classifier,
and a language generation module that converts retrieved
BIM information into natural language responses.

Building on these examples, a common objective in most
NLP-driven IFC retrieval research is to ensure both user
queries and system’s responses are expressed in plain human
language [22]. However, such systems often depend on
intricate NLP pipelines. In these workflows, IFC textual
data may be processed for part-of-speech (POS) tagging
and dependency parsing to identify relationships between
entities [17]. The input sentence can be transformed into
a syntactic tree representation to capture its grammatical
structure [15], or a machine learning classifier may be
employed to associate extracted regulatory concepts with
their most relevant IFC concepts [23].

Only a limited number of studies have explored the use
of generative LLMs for IFC data retrieval [24], [25]. For
instance, [24] proposed a prompt-driven virtual assistant
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FIGURE 2. (a) A sample data section of an IFC file, and (b) A sample graph generated from the entities shown in the sample IFC file.

framework built onGPT 3.5, designed to facilitate NLP-based
information extraction from BIM models. More recently,
[25] introduced a proof-of-concept that applied Graph-RAG
with LLMs to IFC data and demonstrated its feasibility
on a small IFC model. However, the integration of gener-
ative AI and Graph-RAG for developing a comprehensive
question–answering system capable of processing IFC data
on a scale remains unexplored.

To understand the challenge of transforming intricate IFC
data into a structured knowledge graph for the BIM-GRASP
system, we provide a concise overview of the IFC schema and
the Graph-RAG technique in the following sections.

III. PRELIMINARIES
Before detailing the BIM-GRASPmethodology, it is essential
to establish the foundational concepts that underly our
framework. This section provides a concise overview of the
three core elements utilized in our system. First, we outline
the IFC schema to highlight the complexities of its deeply
nested, object-oriented data structure. Second, we discuss
the principles of Graph-RAG and explain how it addresses
the reasoning gaps and structural limitations of standard
vector-based RAG architectures. Finally, we introduce the
Cypher query language, which serves as the primary mech-
anism for extracting structured relational patterns from our
knowledge graphs. Together, these preliminaries illustrate the
challenges of and solutions for transforming intricate IFC
data into a format suitable for natural language parsing.

A. INDUSTRY FOUNDATION CLASSES
The Industry Foundation Classes (IFC) is a standardized,
open data model developed by buildingSMART for rep-
resenting building and construction data across different
software platforms [26]. It is widely adopted in BIM
workflows as a neutral format for exchanging complex
building data that includes not only geometry, but also
semantic information such as materials, classifications, and
inter-element relationships [2], [3]. IFC files are hierarchical
and object-oriented as it encodes a building’s components
and systems in deeply nested structures, which can make

them challenging to parse without domain-specific tools and
expertise.

An IFC file is composed of two main sections: 1) Header,
which includes metadata such as the file’s creation date
and the schema version used, and 2) Data section, which
contains the actual building model data. This data includes
both geometric and semantic content, as well as connections
between entities. Figure 2(a) showcases an example that
demonstrates how an IFC file is structured. Each line begins
with a unique identifier (eg #29), followed by the entity type
(e.g. IfcWall), and associated attributes (e.g. ‘Graphisoft’).
Links between elements are encoded using reference IDs
(e.g. #28, #5). Many entities also carry a Global Unique Iden-
tifier (GUID), allowing for unique identification (e.g. Global
Id shown in Figure 2(a)). Despite this, GUIDs can often
change between file exports, which presents challenges in
tracking elements across versions [3].

Understanding IFC data structures is a non-trivial task
due to their deep hierarchical design. This difficulty arises
not only from the dense and interconnected nature of
relationships found in construction models, but also from the
often non-descriptive property names and opaque reference
structures within IFC entities (e.g. see the IFC43 annex
for alphabetical listings of the IFC entities2). Consequently,
individuals who are not familiar with the IFC schema
may find it difficult to extract or interpret relevant details.
For example, in Figure 2(a), someone without prior IFC
experience may not realize that the string ‘Haustuer’ refers
to the ‘Name’ attribute of the #7060, IfcDoor element.
This entity is a specialization of the general class IfcProduct.
According to the IFC schema [1], an IfcDoor can represent
different roles. Also, as seen in Figure 2(a), this element
in the building has a unique Global Id which is connected
to element #29, that is the IfcOwnerHistory. The latter
defines all history and identification related information to
this door in the building as well as its relationships and
properties. As can be seen from the IDs of elements in
Figure 2(b), other entities are intricately connected with this
element in the building. This complexity in handling the

2IFC 4.3.2.0 specification
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IFC data underscores the importance of developing tools that
streamline IFC data exploration and interpretation.

When building an AI parser for IFC data, it is essential
to prioritize elements that capture both the spatial hierarchy
and the physical fabric of a building. This includes spatial
elements like IfcBuilding, IfcSpace, and IfcBuildingStorey,
which define the organizational framework of the model.
Moreover, architectural components such as IfcWall, IfcSlab,
and IfcDoor are crucial as they represent the core physical
elements of the building. As a proof of concept to validate
the efficacy of Graph-RAG in parsing these relational aspects,
we designed our experiments with two distinct settings:
1) Holistic Parsing: Parsing the entire IFC model with

the entirety of its elements to test general retrieval
capabilities across the full dataset.

2) Targeted Parsing: Focusing exclusively on a single
essential element, specifically IfcWall, to evaluate how
accuracy and retrieval precision are affected when
the graph scope is narrowed to specific building
components.

In our targeted parsing experiments with BIM-GRASP,
we focus on parsing wall-related information from IFC files.
This is because walls which are modelled using the IfcWall
element in the IFC schema and its subtypes are particularly
important as they serve structural, spatial, and thermal roles
within a building.

Moreoever, our decision to specifically focus on the IfcWall
element for Targeted Parsing was informed by consultations
with our industrial partner, who provided valuable insights
into the practical application of IFC models within the
industry. According to the IFC schema shown in Figure 3, the
IfcWall entity is a subtype of IfcProduct and is considered
a fundamental building block, appearing in every standard
schema subset and implementation level in the building
model.3 In practical workflows, walls define rooms and
zones, influence HVAC and energy performance, support
other building components (e.g., windows, roofs), and act as
key carriers of fire ratings, acoustic properties, and insulation
systems [12]. Furthermore, they are central to critical
downstream tasks such as cost estimation, construction
sequencing, and maintenance operations [26].

Accessing and interpreting these attributes through auto-
mated methods unlocks powerful insights for designers,
engineers, and facility managers. Thus, prioritizing wall
properties enables the development of an intelligent parser
that can answer the complex queries necessary to understand
how building elements interact structurally and spatially,
as walls are inherently connected to numerous other elements
in the building model. This highly interconnected nature of
IFC elements, particularly IfcWalls, demonstrates that they
are well-suited for representation as a knowledge graph for
parsing purposes. In the following subsection, we provide a
brief summary of the Graph-RAG technique used in our IFC
parsing system.

3IFC 4.3.2.0 specification

FIGURE 3. IfcWall entity inheritance according to the IFC schema.

B. GRAPH RETRIEVAL-AUGMENTED GENERATION
LLMs demonstrate remarkable proficiency in understanding
natural language and generating coherent, contextually
appropriate text. However, they are constrained by several
limitations. Foremost among these is the absence of domain-
specific knowledge, particularly in highly specialised fields.
Moreover, because LLMs are trained on static datasets,
they lack access to real-time updates and cannot incorpo-
rate proprietary or restricted information that falls outside
their pre-training corpus. These deficiencies can result in
hallucination, a phenomenon where the model produces
information that is either inaccurate, incomplete, or entirely
fabricated which ultimately reduces reliability in high-stakes
or technical applications.

Retrieval-Augmented Generation (RAG) is an information
retrieval method first introduced by Meta AI [27] to enhance
the ability of LLMs to produce accurate answers from textual
data. In its core formulation, both the input query and the
text chunks from a target dataset are converted into vector
representations using the same LLM (e.g. Llama 3 [28],
GPT-4 [29], etc.). Representing all elements of the dataset
as vectors equips the retrieval component with a richer
contextual foundation, and hence enables it to locate the
most relevant information with higher precision. In the RAG
paradigm, this process begins with the retrieval module
comparing the query vector to all vectors in the dataset
to pinpoint the closest matches. These retrieved segments
are then passed to the generative module, which uses a
LLM to generate a coherent, natural-language response.
Incorporating an external knowledge base into the workflow
mitigates errors such as LLM hallucinations [30], [31], [32].
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However, standard vector-based RAG architectures were
essentially designed for unstructured text corpora, which
introduces severe systemic limitations when applied to
highly structured, schema-driven formats like IFC for sev-
eral reasons [33]. First, vector RAG requires data to be
divided into fixed-size sequence blocks (chunks) to generate
embeddings. IFC models rely on deeply nested hierarchies
(e.g., IfcProject → IfcBuildingStorey → IfcWall →

IfcRelDefinesByProperties → IfcMaterial). When an IFC
file is arbitrarily ‘‘chunked,’’ the structural and spatial
relationships could be disconnected. A chunk containing
a wall’s geometry may be entirely disconnected from the
chunk detailing its parent building storey. Second, vector
databases retrieve data based on semantic similarity rather
than structural dependency [34]. If a user asks, ‘‘What is the
material of the 2nd-floor walls?’’, a standard RAG system
will retrieve chunks semantically related to ‘‘material,’’ ‘‘2nd
floor,’’ and ‘‘wall.’’ However, it cannot guarantee that the
retrieved material actually belongs to the specific wall on
that specific floor. This lack of deterministic linking causes
hallucinations in complex multi-hop queries. To empirically
validate these structural limitations, we conducted a prelim-
inary vector-RAG baseline experiment on the Small House
model using a standard chunking strategy. The full details of
this baseline comparison are discussed in Section V.

Building on the RAG framework to overcome the
aforementioned limitations of vector-based retrieval, Graph
Retrieval-Augmented Generation (Graph-RAG) represents
an advanced evolution that incorporates graph-structured
knowledge sources to strengthen both information retrieval
and multi-hop reasoning capabilities in LLMs [35]. Whereas
conventional RAG systems primarily operate on unstructured
text, Graph-RAG retrieves structured graph components (e.g.,
nodes, triples, paths, or entire subgraphs) that preserve
explicit relationships between entities. This retrieval of
interconnected graph segments provides richer contextual
capabilities which resolves the reasoning gaps of standard
RAG and improves the model’s ability to retrieve context-
aware outputs. Graph-RAG’s ability to address complex,
topology-driven information retrieval challenges has led
to its adoption across a broad spectrum of applications.
Beyond its use in downstream NLP tasks, it has been
implemented in diverse domains such as e-commerce [36],
legal analytics [37], and biomedicine [38]. However, its
potential to navigate the deeply nested, object-oriented
hierarchies of Building Information Models (BIMs) has
remained largely unexplored.

In our study, Graph-RAG was applied to a pre-constructed
knowledge graph derived from IFC data; the detailed
process of constructing this graph from the raw IFC model
will be thoroughly explained in the methodology section.
To support this retrieval process, our framework employs
the Neo4j graph database and its declarative query language,
Cypher [39]. The Cypher queries enable precise specification
of subgraphs of interest within the IFC-derived knowledge
graph and facilitates seamless integration between structured

data and generative reasoning. A short summary of the
Cypher language is mentioned in the next section.

C. CYPHER QUERY LANGUAGE
Cypher is a declarative query language developed for
property graphs, originally as part of the Neo4j database,
and is now widely adopted across graph data management
systems [40]. Cypher is pattern-oriented and enables users to
express complex graph structures through intuitive ‘‘ASCII
art’’ syntax (e.g., (a) − [r] → (b)), to capture nodes,
relationships, and their properties. Queries are composed
of clauses that operate linearly to traverse and extract
relevant subgraphs. This makes Cypher well suited for
retrieving interconnected entities and their relationships,
such as walls, spaces, or constraints within IFC-based
knowledge graphs. For example, to find the materials of
walls located on a specific floor, the graph traversal can be
expressed as:

MATCH (s:BuildingStorey {name: ’2nd
Floor’})-[:CONTAINS]->(w:Wall)-[:
HAS_MATERIAL]->(m:Material) RETURN m.
name

In the context of our work, Cypher serves as a mechanism
for subgraph retrieval. It complements the Graph-RAG by
enabling the extraction of structured relational patterns that
can later be translated into natural language responses.
A detailed explanation of how this pipeline works is provided
in the next section.

IV. METHODOLOGY
The IFC parsing method involves two stages: 1) transforming
the IFC model into a graph, and 2) using an LLM to
interpret the graph and answer user queries. Theses two stages
are explained below.

A. STAGE 1: GRAPH DATABASE GENERATION
To systematically represent the IFC data and evaluate how
graph complexity impacts retrieval accuracy, we established
a parsing protocol using the IfcOpenShell Python library [41].
This open-source toolkit enables the efficient traversal of the
IFC schema, allowing us to extract entities, attributes, and
relationships by iterating through entity IDs in ascending
order. For this study, we generated two distinct graph
topologies to test the system under different structural
constraints:
1) Holistic Graph (HG): This configuration represents

the entire IFC model as a single global graph, G,
which serves as the foundational structure for the
BIM-GRASP framework. Formally, the graph is defined
as G = (V ,E), where V represents the set of vertices
(or nodes) and E represents the set of edges. Each vertex
n ∈ V corresponds to a unique IFC entity extracted
from the model, such that V = {n1, n2, . . . , nN }.
An edge, e ∈ E , is established between two nodes,
ni and nj, if entity ni contains an explicit reference to
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FIGURE 4. (a) A sample data section of an IFC file, and (b) the corresponding physical element highlighted within the building model.

entity nj within its attribute set. The formal relationship
is expressed as:

G = (V ,E),

V = {n1, n2, . . . , nN },

E = {(ni, nj) | ID(nj) ∈ Att(ni)}. (1)

where Att(ni) denotes the set of attributes associated
with entity ni, and ID(nj) represents the unique IFC
identifier of entity nj. This approach produces a dense,
highly interconnected graph that preserves all semantic
and geometric relationships within the model, enabling
the Graph-RAG component to navigate the complete
building topology.

2) Targeted-Element Graph (TG): The second configu-
ration narrows the scope exclusively to IfcWall elements,
applying the same mathematical formulation as the HG
(Equation 1). However, the node set is restricted entirely
to wall entities. Each node represents an individual
wall and is populated with its specific attributes
(e.g., IsExternal, FireRating, ThermalTransmittance).
Edges are established only between pairs of wall nodes
that share a direct topological relationship (e.g., con-
nected via IfcRelConnectsPathElements)).4

For both configurations, graph construction follows a
standardized mapping from the IFC schema to ensure
compatibility with our retrieval pipeline. Figure 4 illustrates
an example of how we apply our formal mathematical

4IfcWall Documentation

framework on a snippet of an IFC file shown in Figure 4(a)
which corresponds to the specific wall highlighted in purple
within the building model in Fig. 4(b). Following the
vertex set definition V = {n1, n2, . . . , nN }, each entity
preceded by a hash symbol (underlined in Figure 4(a) ) is
instantiated as a unique node n ∈ V . The set includes
{n42, n2736, n2689, n734}. The primary entity n2736 is created
with the label IfcWallStandardCase, while n2739
through n2743 are instantiated as attributes to this node rep-
resenting specific quantity types, IfcQuantityLength.
The attribute set Att(ni) for this node stores metadata and
literal values, such as the wall’s height (3850.0) and length
(20000.0), etc. According to the rule E = {(ni, nj) |

ID(nj) ∈ Att(ni)}, edges are established by identifying
explicit references within these attribute sets. For the wall
entity n2736, directed edges are created to connect this wall
to other adjacent walls or building elements to which it is
related. This includes structural and geometric dependencies,
such as the connections to nodes n2689 and n2734 which define
the wall’s spatial placement and physical representation in the
building model.

Moreover, we define a property classification scheme
that groups attributes into four core categories: Geometry,
Constraints, Connections, and Material. These four cat-
egories represent the core descriptive dimensions of any
physical building element and provide sufficient information
to support the widest range of downstream applications [42].
Geometry properties (e.g. length, height, width, footprint,
volume) are essential for accurately reconstructing the
wall’s shape in spatial analysis or visualisation tools which
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FIGURE 5. IFC viewer of the three building models used in the experiments.

enables precise drawing, measurement, and clash detection.
Constraint properties (e.g. offsets, base/top constraints,
room bounding) preserve spatial relationships and design
intent by defining how the wall is positioned relative to
other elements and building levels. Connection properties
(e.g. connected elements, IDs, connection type) capture
relational integrity which describes how the wall interacts
with surrounding structural and non-structural components
for dependency tracking, impact assessment, and graph-based
navigation. Material properties (e.g. structural material, fin-
ishes, U-value, thermal resistance) define the wall’s physical
performance in energy modelling, structural calculations,
and sustainability assessments which can allow simulations
of thermal, acoustic, and environmental behaviour of the
building elements. Other IFC property sets, such as revision
history, authoring software, or project metadata, while useful
for documentation and project management, do not directly
influence the physical, spatial, or performance definition of
the wall. Consequently, we focus on these four categories
as the minimum necessary data to meaningfully represent
a wall for the underpinning critical processes from BIM
coordination to compliance verification. Appendix shows
mapping between raw IFC data for these four categories and
their semantic meaning in the context of wall elements.

For our experiments, we evaluated our system across four
distinct building models of varying structural complexity and
relationship scale. This approach allowed us to stress-test the
LLM’s capability to retrieve information across a spectrum
of simple to highly intricate knowledge graphs. These models
include open source IFC data of a single-family dwelling with
7 walls (Small house), a suburban residence with 13 walls
(Midsize house), a multi-storey building with 24 walls (Tall
building), and a proprietary commercial BIM project with
365 walls (Industry Case Study). We deliberately combined

open-source BIM data with an authentic dataset provided
by our industry partner to establish a dual-phase validation
process. The open-source data for the Small house, Midsize
house, and Tall building serves as a standardized baseline
benchmark. Because these models are publicly accessible,
they provide clean, well-documented schemas that allow for
reproducible controlled testing of our LLM’s basic retrieval
mechanisms.

However, synthetic or idealized open-source models often
lack the structural irregularities and modeling noise found
in daily engineering practice. To bridge the gap between
academic theory and practical deployment, we experimented
with the Industry Case Study building which is sourced
directly from an active commercial project by our industry
partner. Testing the system against this real-world asset
ensures that our graph-based retrieval approach can handle
the messy, large-scale data environments encountered by
industry professionals. Figure 5 shows a 3-dimensional
view of the open-source building models visualized by the
Sortdesk IFC viewer5; due to page space limitations, the
345-wall Industry Case Study building is omitted from this
visualization.

Data extraction begins by parsing IFC files with the
Python library ifcopenshell, which efficiently handles
the hierarchical, schema-rich structure of IFC models [41].
For targeted parsing, we focus on the IfcWall entity and
its subtypes—such as IfcWallStandardCase, which adheres
to stricter geometric rules, and IfcCurtainWall, a spe-
cialized façade wall. We also capture the bidirectional
relationships between walls, represented through IFC’s
IfcRelConnectsElements schema. Each wall is identified both
as a relating and a related element within these connections.

5https://viewer.sortdesk.com/
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FIGURE 6. IfcWall property distribution by category for each building model.

Properties and quantities are gathered from property sets
(psets) like Pset_WallCommon and BaseQuantities, focusing
on the four key categories: Geometry, Constraints, Connec-
tions, and Material. The extracted data is then transformed
into a flattened intermediate representation that preserves
essential relationships and metadata for each wall element
within these categories. Figure 6 illustrates the distribution
of these extracted IFC properties for each of the evaluated
building models. A logarithmic scale is employed on the
vertical axis to accurately represent the disparity in data
volume between the baseline open-source models (Small
house, Midsize house, and Tall building) and the proprietary
Industry Case Study. As shown in the Figure, the structural
complexity of the real-world commercial asset results in
a large expansion of the knowledge graph, particularly
within the Geometry and Connections categories, which
peak at 7,590 and 4,140 properties respectively. This scaling
supports our approach to constructing knowledge graphs with
progressively greater complexity to provide a robust testbed
to assess the LLM’s retrieval capabilities across a spectrum
of building model intricacies.

B. STAGE 2: GRAPH-RAG WITH LARGE
LANGUAGE MODEL
In this step, we detail the core Graph RAG Component of
our framework. The workflow begins when an Input Query is
received. To process this, we implement a dual-tool retriever
agent driven by a pre-trained large language model (LLM).
The first tool handles Knowledge Enhancement, where the
LLM uses its foundational, pre-trained understanding of
standard IFC schemas to contextualize the user’s intent
and generate baseline architectural context. The second tool
performs Query Enhancement which translates the natural
language input into executable Cypher queries tailored
to the specific topological structure of the IFC Graph
Database. The agent then executes a Graph Retrieval by

querying the database, extracting relevant sub-graphs and
element properties, and passes these specific Retriever
Results back to the LLM.

To ensure multi-turn interactions, we implement a callback
function that maintains conversational memory, allowing the
system to handle follow-up Input Queries coherently. Also,
strict prompt engineering bounds the Graph RAGComponent
as the agent is explicitly instructed to confine its Knowledge
Enhancement strictly to the IFC scheme. This prevents out-
of-scope answers and ensuring domain relevance.

We evaluated several LLM configurations for this com-
ponent, including open-source models (deepseek-coder-6.7b-
instruct [43]), zero-shot baselines (GPT-4 and GPT-4.1), and
an optimized version of GPT-4.1 which utilizes a dynamic
In-Context Learning (ICL) library. The ICL optimises
our Query Enhancement stage beyond zero-shot capabil-
ities without changing the model’s underlying weights.
We achieved ICL by framing Cypher generation as a seman-
tic translation problem. Instead of performing parameter-
updating fine-tuning on a massive dataset, we curated a
JSON-based few-shot context library. This library consists
of 20 parallel examples across different IFC element types
and properties. Each example pairs an IFC term with its
natural language description, a representative Input Query,
the corresponding Cypher template, the expected Retriever
Results, and the ideal Final Answer. Table 1 showcases
representative examples from this prompt library. Due to
space limitations, the complete set of the ICL cannot
be included in this manuscript. However, the complete
JSON-based ICL prompt library is publicly available in our
GitHub repository.

Guided by this ICL technique, the Graph RAG Com-
ponent accurately the full pipeline: it formats the Cypher
code, triggers the Graph Retrieval, and transfers the raw
database output to a Natural Language Translation. This
final translation stage converts the complex relational data
into an intuitive, user-friendly Final Answer. By utilizing
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TABLE 1. Samples of cypher-query prompt context library.

structured prompts rather than weight-updating fine-tuning,
this approach eliminates the risks of ‘‘catastrophic forget-
ting’’ of general knowledge and ‘‘data leakage’’ (overfitting).
Also, it improves the model’s ability to generalize correct
patterns and minimises hallucinations to enhance response
reliability. To standardize Cypher query generation and
ensure consistent Retriever Results, we strictly controlled
the model’s inference hyperparameters. Specifically, the
temperature was set to 1.0 to regulate randomness (for
purely deterministic structural parsing, this value could be
minimized). We configured nucleus sampling (top_p) to
1.0 to allow the model to consider the top 100% of the token
probability mass during token selection. Also, the Reasoning
Effort parameter was set to ‘Medium’ to balance processing
speed with the depth of logic required for accurate graph
traversal.

C. MULTI-HOP REASONING WITH DIFFERENT
LANGUAGE MODELS
We breakdown the assessment of the BIM-GRASP per-
formance not only in terms of the four IFC categories
mentioned above but also in terms of query complexity.
Thus, we construct a dataset of 100 queries divided equally
into: Simple (single-hop reasoning), Moderate (two-hop
reasoning), and Complex (multi-hop reasoning). A Simple
question asks a straightforward element such as ‘‘What is
the height of this wall?’’ which only requires accessing the
BaseQuantities.Height property of a single wall. A multi-hop
question requires connecting multiple nodes or relationships
in the knowledge graph to answer correctly. An example of a
multi-hop would be as follows:

→ Question: ‘‘Which walls have a different material than
the walls they connect to?’’

• Hop 1: Extract all connected walls in the IFC model
using IfcRelConnectsElements

• Hop 2: Find material of each wall in a node community
by IfcMaterial, Finishes.Structural Material, or IfcMa-
terialLayerSet

• Hop 3: Compare output of Hop 2 to extract dissimilar
elements

• Hop 4: Return wall IDs that have different material

Multi-hop questions test whether a system understands
logical dependencies between elements. Also, it assesses
the ability of the agent to traverse and reason over the
structure of the building and to combine filters, rankings,
and relationships between elements. Parsing this information
is important as it is commonly needed in real-world use
cases such as energy analysis, safety inspection, and spatial
planning in AECO.

To evaluate the performance of each LLM with our
BIM-GRASP retriever agent, we computed precision (P),
recall (R), and the F1 score for each property category and
building. To derive these metrics, we classify the retriever’s
outputs as follows:

• True Positive (TP) refers to cases when the correct
value is returned (e.g., the query is ‘‘What is the
thermal resistance of this wall?’’ and the correct value
is provided).

• True Negative (TN) refers to cases when the information
is absent from the IFC model and the system appropri-
ately responds with answers such as ‘‘I don’t know’’.

• False Positive (FP) refers to cases when an incorrect
value is returned (e.g., the wrong footprint area).

• False Negative (FN) refers to cases when the retriever
agent either does not give any answer or responds with
answers such as ‘I don’t know’ despite the information
being available in the knowledge graph.

Also, to better understand the reasoning capabilities of each
model with the retriever agent, we estimated accuracy based
on query difficulty, as it provides a meaningful gradient
for evaluating how well language models handle increasing
semantic and structural complexity. We define the average
accuracy as follows:

Aavg =
1
3

∑
d∈{s,m,c}

TPd + TNd
TPd + TNd + FPd + FNd

(2)

where the average accuracy Aavg of an LLM across varying
question difficulty levels is computed by aggregating its
performance on Simple (s), Moderate (m), and Complex (c)
questions. For each difficulty level d ∈ {s,m, c}, accu-
racy is defined using standard classification metrics where
TPd , TNd , FPd , and FNd represent the true positives,
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Algorithm 1 Algorithm: BIM-GRASP – A Graph-RAG Pipeline for Semantic Parsing of IFC Building Models
1: Input: IFC model file F
2: Output: Natural language answer A to user query Q
3: procedure BIM-GRASP(F,Q)
4: Step 1: Parse IFC Model

Extract a set of elements E = {e1, e2, . . . , en} from F
For each element ei, extract attributes Pi = {p1, p2, . . . , pk}

5: Step 2: Construct Knowledge Graph
Build a graph G = (V ,R)
where V = E are nodes and R = {r1, r2, . . . } are inter-element relations

6: Step 3: Create Few-Shot Context Library
Construct dataset D = {(Qi, ci)}, where Qi is an NL question and ci is a Cypher query

7: Step 4: Construct Prompt Template
Inject context library D into the LLM prompt to guide the mapping Qi 7→ ci

8: Step 5: Generate Cypher Query
Given input query Q, predict Cypher query c = M(Q)

9: Step 6: Retrieve Information
Execute c on G to retrieve structured results r

10: Step 7: Answer Generation
Generate answer A = M(r) using the LLM’s NLG capabilities

11: return A
12: end procedure

true negatives, false positives, and false negatives, respec-
tively. The overall average accuracy is then calculated as
the mean of these three values. This formulation provides
a balanced evaluation of the model’s predictive performance
across question types. This ensures that accuracy is not biased
toward any single difficulty level.

To support reproducibility, we include an Algorithm 1
detailing the steps required to implement our BIM-GRASP
framework so as to enable the research community to adapt
our approach for other IFC elements according to specific
use cases. The underlying algorithm of BIM-GRASP offer
a generic, extensible structure that can be applied to develop
similar parsing systems for any BIM element as needed.

V. EXPERIMENTAL RESULTS AND DISCUSSION
Before evaluating theGraph-RAG framework, we established
a standard vector-RAG baseline using the Small Housemodel
(7 walls). The IFC data was processed with a chunk size
of 1500 characters and an overlap of 200 characters to
minimize data loss across boundaries and used GPT-4.1 as the
retrieval LLM. The vector-RAG system yielded an accuracy
of just 22.73% and an exceptionally high False Positive
Rate of 96.43%. While the baseline could occasionally
retrieve correct answers for one-hop queries regarding
isolated properties (e.g., element volume or dimensions),
it consistently hallucinated when tasked with relational or
comparative queries (e.g., structural connections). Because
returning fabricated data is very dangerous in a BIM
context, these baseline results empirically demonstrated
that vector-RAG cannot guarantee the topological correct-
ness required for IFC parsing. Consequently, we focused

our primary evaluations exclusively on the Graph-RAG
approach.

Table 2 presents results of the LLM experiments across
the three building models with our Graph-RAG approach.
The metrics detail precision, recall, and F1-scores across four
building models and four semantic categories. The baseline
zero-shot GPT-4 model exhibits poor recall across most
test cases. This indicates failure to isolate complete data
paths during the graph retrieval stage. Deepseek performs
competitively on Small House queries (F1≈ 0.84 across most
categories), but its performance drops significantly on Tall
Building connections (F1 = 0.26), indicating challenges in
multi-hop reasoning and relational depth.

Upgrading the core reasoning engine to GPT-4.1 yields
substantial improvements even without contextual examples.
The zero-shot GPT-4.1 model demonstrates higher precision
and recall across the baseline datasets. It effectively parses
intermediate geometric and constraint queries. However,
it still struggles with highly interconnected topological data.
This limitation is evident in the connections category for
the tall building (F1 score of 0.49). These metrics highlight
the limitations of relying only on pretrained knowledge for
complex spatial parsing.

The query enhancement stage achieves best performance
when augmented with the In-Context Learning (ICL) library.
The GPT-4.1 (ICL) configuration consistently outperforms
all other evaluated approaches. It records the highest
F1 scores in nearly every category and building scale.
By providing structured examples, the system effectively
stabilizes the graph retrieval process. This methodology
eliminates the recall degradation observed in the baseline
zero-shot models.
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TABLE 2. Evaluation of LLMs on IFC question-answering by category and building type. Bold indicates the best performance.

It is important to note that the ICL methodology scales
well to the production-grade industry case study. It achieves
perfect F1 scores of 1.00 for material properties in the
largest graph environment. It also maintains high accuracy
for complex structural constraints. These evaluation metrics
confirm that the structured prompt library successfully
guides the system architecture. It also indicates that the
BIM-GRASP system with our best model is capable of
parsing large scale IFC real-world data and enables the
natural language translation stage to deliver reliable final
answers regardless of underlying graph complexity.

Additionally, Figure 7 illustrates the average accuracy of
the four language models GPT-4, GPT-4.1, GPT-4.1(ICL),
and Deepseek across three levels of question difficulty: Easy,
Moderate, and Hard. As outlined in the methodology, query
difficulty is determined by the number of reasoning hops
required by the agent retriever to navigate the knowledge
graph and retrieve the correct answer. As shown in the
figure, GPT-4.1(ICL) demonstrates the strongest overall
performance, achieving perfect accuracy on easy queries and
maintaining relatively high scores on moderate and hard ones
(83% and 77% respectively). This reflects its robustness in
handling complex IFC-related reasoning. GPT-4.1 performs
well on easy and moderate queries but drops sharply to 55%
on hard ones, while GPT-4 shows consistently lower scores
across all levels. Deepseek exhibits the steepest decline,
falling from 74% on easy queries to just 30% on hard ones
which indicates limited generalization to more challenging
semantic and relational tasks. Notably, only GPT-4.1(ICL)
remains above the 70% threshold across all difficulty
levels, whereas Deepseek fails to meet the 50% mark on
moderate and hard queries. These empirical thresholds offer
a practical benchmark for evaluating deployment readiness,
especially in high-stakes BIM environments where precision
and consistency are critical. The results indicate that in
context learning on our parallel IFC terms, Cypher queries,
and the natural semantic interpretation of domain-specific

terminology proved to be an effective strategy particularly in
boosting accuracy on multi-hop reasoning tasks that require
layered inference and contextual alignment across different
reasoning levels.

A. ERROR ANALYSIS
We conducted a qualitative error analysis of the LLM outputs
to better understand the cases in which the models failed to
provide correct answers to user queries and cases where it
performed exceptionally well onmulti-hop questions. Table 3
presents representative examples of LLM failure modes
alongside instances where the model successfully resolved
user queries. Our observations are summarised as follows:

1) FALSE POSITIVES AND PRECISION
A notable finding is that all LLMs rarely produced false
positives, that is, they seldom returned an incorrect value as
an answer. This explains why precision scores are generally
higher than recall across all models.

2) MULTI-HOP REASONING AND FALSE NEGATIVES
The zero-shot versions of GPT as well as Deepseek struggled
withmulti-hop reasoning, often resulting in false negatives by
responding with ‘‘I don’t know’’ or ‘‘The information is not
available’’. We consider these answers as false negatives in
cases where the information is in the graph but the system is
not able to retrieve it. Interestingly, these same queries could
often be resolved if the reasoning process was broken down
into simpler steps. For example, all baseline zero-shot models
frequently failed when asked directly:

‘‘Which wall connected to this wall has the highest
volume?’’

Yet, when the query was decomposed into incremental
steps—first asking which walls are connected, then their
volume, and finally which has the highest value—the model
was able to produce the correct answer.
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FIGURE 7. Model average accuracy across question difficulty levels.

3) GPT-4.1(ICL) AND GLOBAL REASONING
The GPT-4.1 (ICL) model demonstrated stronger capabilities
in handling multi-hop reasoning that required parsing the
entire graph. These are tasks that are particularly challenging
for conventional IFC parsing tools. For example, the question:

‘‘Which exterior wall in the building has the highest
Dimensions Volume?’’

the The GPT-4.1 (ICL) model was able to correctly infer that
the query required global graph traversal and gave the correct
answer.

4) COMPARATIVE AND RELATIONAL REASONING
More complex reasoning tasks were successfully handled
mostly by GPT-4.1 (ICL). Fore example, it correctly
answered comparative and relational queries such as:

‘‘Which wall has a different material than the walls
connected to it?’’

and
‘‘Find the name of the wall connected to Basic
285459 that has the lowest thermal resistance.’’

These examples demonstrate the model’s ability not only to
retrieve information but also to perform comparisons and
relative evaluations. These are capabilities that extend well
beyond the functions of traditional IFC parsers. The zero-shot
baseline models, on the other hand, struggled to give the
correct answer to such relational reasoning queries.

5) RECOVERY FROM REASONING BLOCKS
Zero-shot LLMs often reached reasoning blocks and failed to
recover specially when queries shifted from easy to complex
and then back to easy. In such scenarios, these models
frequently became ‘‘stuck’’ and continued to respond with
‘‘I don’t know,’’ even for simple queries they had previously
answered correctly (e.g., ‘‘What is the type of this wall?’’).

This behavior highlights the advantage of ICL, which pro-
vides greater robustness and adaptability in mixed-sequence
reasoning tasks.

6) STRUCTURED OUTPUTS AND MATHEMATICAL
COMPUTATION
A key advantage of the BIM-GRASP framework, when
paired with LLMs, is its ability to present retrieved infor-
mation in a structured format, for example, as tabular data
pairing wall names with property values. We found that both
GPT-4.1 and GPT-4.1(ICL) was able to perform on-the-fly
numerical computations, such as responding to:

‘‘Give the name of each wall beside its Dimensions
Volume and approximate the volume to two
decimal points.’’

This feature is particularly valuable, since many IFC
properties contain long decimal values. Furthermore, the
ability to incorporate more complex mathematical operations
into queries makes BIM-GRASP a far more powerful tool
than traditional IFC parsing approaches.

Finally, it is worth noting that across all models, material-
related queries tend to yield higher F1 scores, likely due to the
more direct attribute mappings in IFC schemas. In contrast,
connection-based queries show greater variability, reflecting
the complexity of spatial and relational reasoning.

B. END-TO-END CASE STUDIES
To provide full transparency into the inner workings of
our Graph-RAG pipeline and address the mechanics of our
retrieval framework, we detail two end-to-end case studies: a
successful multi-hop retrieval and a failure case.

The first case is Q4 in Table 3. The user asks, ‘‘Which
wall connected to this wall has the longest Dimensions
Length?’’ This query, alongside structured building data
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TABLE 3. Examples of correct (green) and incorrect (red) LLM responses across different question types.

supplied by the IFC Graph Database, is fed into the core
Graph RAG Component. Within this module, the system
drives two parallel optimizations. First, Query Enhancement
utilizes relational data retrieved from the graph to refine the
user’s search intent regarding connected elements and quan-
titative properties. Simultaneously, Knowledge Enhancement
deploys the Generative LLM’s foundational pre-trained
knowledge to contextualize the query with broader domain
awareness regarding building dimensions. Following these
enhancements, the system executes a Graph Retrieval by for-
mulating the Cypher query: MATCH (w:Wall) RETURN
w ORDER BY toFloat(w.‘Dimensions Length‘)
DESC. This step isolates the pertinent data paths in the
graph, yielding specific Retriever Results that identify the
wall ‘‘Basic Wall:Yttervägg Paroc:1298028’’ with a length

value of 22060.0. In the final stage, the framework performs
a Natural Language Translation on this retrieved graph
data, converting the relational insights into the user-friendly
Final Answer: ‘‘The wall named ‘Basic Wall:Yttervägg
Paroc:1298028’ has the longest Dimensions Length, which
is 22060.0.’’

The second case illustrates a representative failure show
in Q8 in Table 3. The user asks, ‘‘What are the type of
connections to this wall?’’ Similar to the successful case, this
query is fed into the Graph RAG Component. During Query
Enhancement and Knowledge Enhancement, the system
attempts to contextualize the request for specific connection
topologies, which in a standard IFC schema should target
entities like IfcRelConnectsPathElements. How-
ever, during the subsequent Graph Retrieval stage, the system
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FIGURE 8. Wall/material inspection workflow using Blender/Bonsai.

TABLE 4. Qualitative comparison between conventional BIM inspection tools and BIM-GRASP.

generates a semantically misaligned Cypher query (see
Cypher Query column for Q8 in Table 3). Because the LLM
hallucinates a generalized [r:CONNECTED] relationship
rather than querying the exact intermediate IFC relational
paths, the system fails to isolate the correct data paths,
yielding empty Retriever Results. Consequently, during the
Natural Language Translation stage, the framework lacks
the necessary relational insights to formulate a response,
resulting in the fallback Final Answer: ‘‘I’m sorry, but I do
not have information about the types of connections to this
wall based on the provided context.’’

C. QUALITATIVE COMPARISON WITH CONVENTIONAL
BIM INSPECTION TOOLS
To further contextualize the practical value of BIM-GRASP,
we conducted a qualitative comparison with a conventional
IFC inspection workflow using Blender with the Bonsai
add-on [44], a combination that transforms a standard open-
source 3D modeling suite into a fully functional openBIM
authoring tool. This comparison was designed to assess how
a user would answer representative IFC-related queries using
a conventional BIM inspection interface compared to our
natural-language question-answering system.

Figure 8 shows an example of the Blender/Bonsai
workflow for inspecting wall-related information in our

Midsize IFC model used in our experiments. For a simple
query such as ‘‘What is the dimension area of this wall
in the building?’’, the user must perform the three steps
shown in the figure consecutively. Step 1, the user must
filter the model hierarchy for wall objects. Step 2, They
must identify the relevant IfcWallStandardCase elements
and select individual wall instances. Step 3, they need to
manually inspect the corresponding IFC material or property
panels. This demonstrates that existing BIM tools can provide
access to the underlying IFC data, but the interaction remains
manual. It requires familiarity with the tool interface, IFC
object naming conventions, and the location of relevant
property sets.

As for retrieving answers for multihop questions similar
to the ones we are using in our experiment, the user will
need to go through a more complicated process. For example,
answering ‘‘Which wall has the largest dimension volume
in the building?’’ requires the user to first identify the
selected wall, determine which other walls are connected
to it, inspect each connected wall individually, retrieve the
relevant dimension volume property values, and manually
compare them. Similarly, an input query such as ‘‘Which
wall connected to a selected wall has the lowest thermal
resistance?’’ requires repeated inspection of wall instances
and manual comparison of thermal resistance values.
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TABLE 5. Categorisation of IFC properties.

These examples show that, although Blender/Bonsai can
expose IFC properties through its graphical interface, it does
not provide direct natural-language querying, automatic
graph traversal, or direct answer generation. Table 4 summa-
rizes the comparison between conventional BIM inspection
tools and BIM-GRASP. The purpose of this comparison is not
to suggest that tools such as Blender/Bonsai are inadequate
for BIM inspection. Rather, it clarifies that they are primarily
designed for graphical model exploration and property
inspection. In contrast, BIM-GRASP is designed to provide
direct natural-language access to IFC model information by
translating user queries into graph-based retrieval operations
and returning natural-language final answers.

VI. CONCLUSION
In this study, we addressed the challenge of parsing and
reasoning over the structurally complex IFC schema by devel-
oping BIM-GRASP which is a natural language question-
answering framework. Our system simplifies access to
building models by translating user queries into graph-based
retrieval tasks, effectively bridging the gap between intricate

IFC data and non-technical stakeholders. By integrating
Graph-RAGwith a GPT-4.1 generative model optimized with
In-Context Learning (ICL), the system achieved an overall
accuracy of 88% and significantly reduced false negatives
in multi-hop reasoning scenarios by preserving the relational
structure of IFC entities.

A critical finding of our research illuminates why standard
vector-based RAG architectures perform poorly on IFC
datasets. Standard RAG struggles because vital topological
information such as how different architectural elements con-
nect is highly fragmented across the file rather than explicitly
localized. Standard RAG could theoretically achieve better
results if the raw IFC files were manually restructured to
include hard-coded, chunkable descriptions of these inter-
element connections. However, such manual manipulation is
highly labor-intensive and unscalable for complex projects.

Graph-RAG, on the other hand, resolves this problem
by inherently connecting elements as nodes and edges
in a graph, and hence captures the relational information
between IFC elements. Despite these successes, the proposed
BIM-GRASPmodel has several limitations. First, our current
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evaluation primarily focused on specific architectural core
components, such as IfcWall and its immediate spatial
properties, to validate the proof-of-concept. The empirical
validation of the system is strongest for wall-centered
IFC querying and our four selected property categories
(Geometry, Constraints, Connections, andMaterial). The sys-
tem’s performance on highly specialized, non-architectural
domains like MEP (Mechanical, Electrical, and Plumbing)
systems, which involve entirely different and highly intricate
connection schemas, remains untested. Second, relying
on an LLM for Cypher query generation can introduce
occasional latency and risks semantic misalignment if a
user employs highly ambiguous terminology not covered
by the ICL prompt library. Finally, the framework requires
pre-processing the raw IFC file into a Neo4j graph database
prior to querying, a step that can be computationally intensive
and time-consuming for exceptionally large, federated com-
mercial models.

Future work will aim to address these limitations by
expanding the system’s underlying ontology to encompass
all IFC classes and to add the BIM-GRASP in an expaneded
pipeline for automatic compliance checking. We also plan
to explore advanced fine-tuning techniques specifically for
Cypher query generation to reduce the reliance on extensive
prompt contexts and to improve inference speeds. Finally,
we will continue to refine our user interface and software
artefact to better support real-world deployment.

APPENDIX
EXAMPLE OF IFC ELEMENTS
See Table 5.
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