A Graph-RAG Framework for Natural Language

Interaction with Dynamic Construction Project Graphs

Mohammad Saeed Heidary', Xuesong Shen', Milad Mousavi', Khalegh Barati!, and James Linke?

'School of Civil and Environmental Engineering, the University of New South Wales, Sydney, NSW 2052,
Australia
2 GeoAl, Sydney, NSW 2019, Australia.
m.heidary@unsw.edu.au, x.shen@unsw.edu.au, milad.mousavi@unsw.edu.au, khalegh.barati@unsw.edu.au

. linke@]llsurveys.com.au

Abstract —

Construction projects generate heterogeneous
data from schedules, design models, and site
observations. Graph-based data models have recently
been adopted to integrate these diverse data sources,
but interacting with such models typically requires
specialized technical knowledge, which limits their
usability in construction practice. This study proposes
a schema-aware Graph Retrieval-Augmented
Generation (Graph-RAG) framework that enables
natural language interaction with construction
project graph data models. The framework integrates
a large language model with a Neo4j graph database
to interpret user queries, retrieve project data
through Cypher queries, and generate evidence-
grounded responses. A case study integrating
schedule data, an IFC design model, and computer-
vision-derived site observations produced a project
graph with 218 nodes and 377 relationships.
Evaluation using six project queries showed that the
proposed framework achieved 100% accuracy,
outperforming a Text-to-Cypher approach (33.3%
accuracy), while direct LLM interaction failed to
answer any questions (0% accuracy). These results
demonstrate the effectiveness of schema-aware
Graph-RAG for reliable natural language access to
construction project data.

Keywords —

Construction Projects; Knowledge Graph;
Graph-RAG; LLMs; Construction Data Interaction;
Natural Language Interaction

1 Introduction

Construction projects generate large volumes of
heterogeneous data throughout their lifecycle, including
schedules, design models, site observations, and as-built
records [1, 2]. Integrating these diverse data sources in a
meaningful and consistent manner remains a significant
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challenge for project management and decision-making
[3]. In recent years, graph-based data models and
knowledge graphs have emerged as a promising solution
for construction data integration [4]. By representing
project entities such as activities, infrastructure elements,
resources, and observations as interconnected nodes and
relationships, graph models enable heterogeneous data
sources to be linked in a semantically meaningful way,
supporting richer representation of project knowledge
and improved data integration across different project
systems [5, 6].

Despite their strong capability for integrating
heterogeneous construction data, interacting with graph-
based data models often requires specialized technical
knowledge. Accessing and querying graph databases
typically require graph query languages and database
technologies that are more familiar to computer scientists
than to construction practitioners [7]. As a result, many
project stakeholders may find it difficult to directly
interact with graph-based project data models, limiting
their usability in everyday construction management.
This creates a gap between the availability of integrated
project data and the ability of practitioners to effectively
access and interpret that information.

Recent advances in large language models (LLMs)
offer a promising opportunity to bridge this gap by
enabling natural language interaction with complex data
systems [8]. Because graph data models organize project
information through semantically connected entities and
relationships [9], LLMs can potentially serve as an
interface that translates user questions into meaningful
interactions with the project graph. Motivated by this
potential, this study proposes a framework that leverages
LLMs to enable natural language interaction with
construction project graph data models. By allowing
users to query project information using natural language
while grounding responses in graph-based data, the
proposed approach aims to improve the usability of



graph-based construction information systems and make
integrated project knowledge more accessible to
construction stakeholders.

2 Related Work

This section reviews prior research on construction
information modelling, LLMs, and retrieval-augmented
generation, highlighting current practices and limitations
in construction-phase applications.

2.1 Construction Information Models and
Graph-based Representations

Construction projects have traditionally relied on
Building Information Modelling (BIM) platforms and
relational databases to manage project information [10].
BIM has been widely adopted to support design
coordination, quantity take-off, and visualization[11],
while relational databases have been used to store
schedules, cost records, and inspection data [12, 13]. For
example, Heidary et al. [14] used a 4D BIM environment
to link 3D design models with construction schedules,
enabling improved visualization of planned activities
over time and supporting hazard identification and safety
management during construction, whereas Palomar et al.
[15] implemented a relational database—based platform
using SQL Server to centrally store and synchronize
structured project data across multiple disciplines.
Although these approaches have improved information
organization, they typically operate in isolated silos and
rely on predefined schemas that limit flexibility when
project conditions change [3]. As construction progresses
and new data sources emerge, such as site observations
and as-built records, maintaining consistency and
traceability across systems remains challenging [1, 2].

To address these limitations, recent research has
explored graph-based data models and knowledge graphs
for construction information management [4]. Graph
representations allow entities such as activities, resources,
building elements, and observations to be explicitly
linked, supporting richer semantics and more flexible
querying than traditional tabular models [5]. In this
context, Sun et al. [16] reviewed text-based automatic
knowledge graph construction for road infrastructure
operations, demonstrating how document-centric sources
can be transformed into structured knowledge graphs to
support querying and reasoning across lifecycle activities.
Knowledge graphs have been applied to integrate BIM
data, schedules, safety information, and regulatory
knowledge, enabling reasoning over relationships rather
than isolated attributes [6, 17]. These approaches have
demonstrated advantages in representing complex
dependencies and  enabling inference  across
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heterogeneous data sources [18, 19].

Despite these advances, interaction with graph-based
construction data models typically relies on predefined
dashboards or fixed query templates [7]. Such interfaces
are designed around anticipated information needs and
require backend development when new questions arise
[9]. As a result, responding to emerging or unexpected
information demands during the construction phase
remains difficult, limiting the practical usability of graph-
based systems for day-to-day decision-making by project
teams.
2.2 Large Language Models in Construction
Projects

LLMs are generative Al systems trained to predict
and produce natural language, enabling tasks such as
question answering, summarization, and drafting based
on learned linguistic patterns [8]. Recent evaluations
show that ChatGPT-style models can perform
competitively on domain problem-solving tasks,
motivating their exploration as decision-support tools in
construction management [20]. In the construction
context, LLMs are increasingly positioned as
conversational interfaces that can translate complex
technical content into more accessible, actionable
narratives for practitioners [21].

In construction applications, Prieto et al. [22]
investigated ChatGPT for construction scheduling,
examining how well it can generate schedule-related
outputs and support planners through natural-language
interaction. For project documentation, Xiao et al. [23]
combined computer vision with ChatGPT to convert
construction videos into automated daily reports, aiming
to reduce manual reporting effort while preserving site
progress details. For compliance, Yang and Zhang [24]
proposed a prompt-based pipeline to transform building
code text into structured representations usable for
automated checking.

However, the direct use of LLMs also introduces
important limitations. LLMs generate responses based on
statistical patterns learned from training data rather than
verified, project-specific information [24], which can
lead to hallucinations, incorrect assumptions, or missing
contextual constraints [25]. In construction projects,
where decisions are often time-sensitive and safety-
critical, such behavior poses significant risks. These
limitations highlight the need for complementary
mechanisms that can ground LLM outputs in
authoritative, traceable, and project-specific information
sources.



2.3 Retrieval-augmented  Generation in

Construction

Retrieval-augmented generation (RAG) has recently
been adopted in construction research to improve the
reliability of large language model (LLM) outputs by
grounding responses in external knowledge sources. Lee
et al. [26] compared a RAG-based approach with a fine-
tuned LLM for construction safety knowledge retrieval
by integrating GPT-4 with a safety knowledge graph
derived from guidelines, demonstrating improved
consistency in answering safety queries. Similarly, Baek
et al. [27] developed a RAG-enhanced framework that
retrieves activity- and equipment-specific cases from a
construction accident repository to generate tailored
safety risk management guidance, showing that domain-
adapted embeddings improve retrieval quality. Beyond
safety applications, Zheng et al. [28] integrated LLMs
with a nested contract knowledge graph to improve the
accuracy and interpretability of automated contract risk
identification.

Recent studies have further extended RAG and LLM-
grounded approaches to different construction tasks and
data modalities. Guo et al. [29] proposed a multimodal
framework combining a visual language model with a
two-stage RAG pipeline to support automated safety
compliance monitoring from site images. Zhou et al. [30]
integrated an external construction engineering
management knowledge base with general-purpose
LLMs to enable question answering in construction
management contexts when domain training data are
limited. Related work has explored alternative grounding
strategies, such as long-context LLMs for building code
interpretation [31], RAG-based systems for generating
personalized feedback in construction management
training [32], and multimodal multi-agent frameworks
for geotechnical design tasks involving both text and
images [33]. In addition, recent work by Pan et al. [34]
proposed an LLM-enabled multi-agent framework that
enables natural language interaction with graph-based
digital twins of existing buildings, where an agent
pipeline interprets user queries, generates graph database
commands, and retrieves information from the digital
twin graph to produce grounded responses for facility
management scenarios.

Nevertheless, existing applications of RAG in
construction largely focus on static knowledge sources,
such as codes, regulations, historical documents, or
predefined training materials. The use of RAG to interact
with live, evolving project data during the construction
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phase has received limited attention. In particular, the
potential of Graph-RAG to enable natural language
access to project knowledge graphs that represent the
current state of construction activities and site conditions
remains underexplored. Addressing this gap requires
frameworks that combine graph-based project data with
retrieval-grounded language models to support reliable
natural language interaction with construction-phase
project information.

3 Research Methodology

This study proposes a Graph Retrieval-Augmented
Generation (Graph-RAG) framework to enable natural
language interaction with a construction project graph
data model. The system integrates a large language
model (LLM) with a graph database so that users can
query project information using natural language while
responses remain grounded in structured graph data.
When a user submits a question, the framework first
retrieves the schema and ontology from the project graph
to provide structural context. Using this information, the
LLM decomposes the user query into simpler sub-
questions aligned with the graph structure. For each sub-
question, the LLM generates a Cypher query to retrieve
relevant information from the graph database. The
retrieved graph data are then used to generate grounded
answers for each sub-question, which are finally
synthesized by the LLM to produce a unified response to
the original user query. The overall workflow of the
proposed Graph-RAG framework is illustrated in Figure
1.

The LLM in the proposed framework performs three
key tasks: (1) question decomposition, (2) graph query
generation for retrieval, and (3) response generation and
synthesis. These components enable the system to bridge
natural language user queries and structured project
graph data, allowing complex project information to be
accessed through intuitive natural language interaction.

3.1 Schema-aware Question Decomposition

When a user submits a natural language query, the
system first retrieves the schema and ontology
information from the project graph database. This
information describes the available node types,
relationships, properties, and semantic structures within
the project data model. The schema is provided as
contextual input to the LLM to ensure that the query
interpretation is consistent with the structure of the graph.
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Figure 1. Overview of the proposed Graph-RAG framework for natural language interaction with construction project

graph data.

Using this schema-aware context, the LLM refines
the user query and decomposes it into a set of simpler
sub-questions. Each sub-question represents a specific
information retrieval task that can be mapped to graph
entities and relationships. This decomposition step helps
transform complex wuser queries into structured
information retrieval tasks that align with the project
graph schema.

3.2 Graph Query Generation and Retrieval

For each decomposed sub-question, the LLM
generates a Cypher query that retrieves the relevant
information from the graph database. The generated
queries follow the structure of the project graph schema
and are designed to retrieve entities, relationships, and
contextual attributes required to answer the sub-question.

The Cypher queries are executed against the Neo4;j
graph database, and the retrieved results are returned as
structured graph evidence. This retrieval step ensures that
the responses generated by the LLM are grounded in
actual project data rather than relying solely on language
model inference.

3.3 Evidence-Grounded Response Generation
and Synthesis

Once the relevant graph data are retrieved, the LLM
generates a response for each sub-question using the
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retrieved evidence. The model is instructed to base its
reasoning only on the retrieved graph information to
ensure factual consistency and transparency.

Finally, the LLM synthesizes the responses to the
individual sub-questions together with the original user
query to generate a unified answer. This synthesis step
enables the system to provide coherent explanations that
integrate multiple pieces of graph-retrieved information
into a final response for the user.

4 Case Study

To evaluate the proposed framework in a real-world
scenario, a case study was conducted on an ongoing road
intersection upgrade project in New South Wales,
Australia. Construction of the project commenced in late
2023 and is scheduled for completion in 2027. The
project involves multiple construction activities,
resources, and observational data collected during the
construction phase. These heterogeneous data sources
provide a suitable environment for examining how a
graph-based data model combined with large language
models can support natural language interaction with
project information.

4.1 Case Study Project Graph Data Model
Preparation

In this case study, three types of project data were



integrated to construct the project graph data model: the
project schedule (structured data), an IFC design model
(semi-structured data), and construction site images
(unstructured data). These heterogeneous data sources
were mapped into a graph structure using ten top-level
entities representing key concepts of the construction
domain. Through predefined semantic rules, information
from the schedule, design model, and site observations
was linked to form a unified project graph.

Construction site images were processed using the
YOLOVS computer vision model to detect relevant
construction elements. The detected elements were then
matched with corresponding elements in the IFC design
model based on spatial location and linked to the related
construction activities defined in the project schedule. By
connecting activities, design elements, and observed site
conditions, the different data sources were semantically
integrated into a single project graph data model. After
processing one project schedule, one IFC model, and 32
construction site images (two images per observation
date across 16 different dates), the resulting graph
contained 218 nodes and 377 relationships representing
the project state (Figure 2).
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Figure 2. Snapshot of the dynamic construction
project graph in Neo4j on 5 September 2025.

4.2 Developing the Graph-RAG Pipeline

The Graph-RAG pipeline was developed and
implemented in Python by integrating the Neo4j graph
database with the OpenAl GPT-4.1 model through the
OpenAl API. The developed pipeline first retrieves the
schema of the project graph and converts it into a
structured text summary that can be provided to the LLM
as contextual input. Based on this schema-aware context,
the framework processes the user question through
several LLM-driven stages. First, the LLM decomposes
the user question into simpler sub-questions while

considering the schema and ontology of the project graph.

Second, for each sub-question, the LLM generates a
Cypher query to retrieve relevant data from the Neo4;
database. Finally, the retrieved graph evidence is used by
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the LLM to generate grounded responses for each sub-
question, and these are then synthesized into the final
answer returned to the user. Prompt engineering was used
throughout these stages to control the LLM behavior and
keep the outputs aligned with the graph structure and
project semantics.

In the implemented prompts, each stage was guided
by a specific instruction logic. For question
decomposition, the LLM was instructed to act as an
ontology-aware planning assistant that refines the user
question conservatively, decides whether decomposition
is needed, and creates schema-consistent sub-questions
without introducing unsupported graph elements. For
Cypher generation, the LLM was instructed to produce
read-only Cypher queries, follow project-specific
semantic rules, use only valid retrieval patterns, and
avoid any write or administrative operations. For
evidence-grounded answering, the LLM was instructed
to answer each sub-question only from the retrieved
graph evidence, explicitly mention uncertainty when
evidence is incomplete, and avoid inventing unsupported
facts. In the final synthesis stage, the LLM was instructed
to answer the original user question directly by
combining the sub-question answers while clearly
preserving the distinction between graph-supported
findings and uncertain information.

4.3 Testing Setup

To evaluate the effectiveness of the proposed
framework, six questions were designed to test the
system’s ability to retrieve project information under
different reasoning scenarios. These questions include
temporal status queries, progress tracking queries,
resource matching queries, and delay detection queries.

. Q1 — What was the construction status of the
activity “8 Columns A — FW” on 2 June 2025?

. Q2 — What was the construction status of the
activity “8 Columns A — FW” on 21 May 2025?

. Q3 — What was the construction status of the
activity “8 Piles A” on 23 April 2025?
. Q4 — What was the construction status of the

activity “8 Piles A” on 7 May 2025?

e Q5 — Which observed machinery types match the
machinery planned for the associated construction
activities?

. Q6 — Based on the latest available observations,
which construction activities are currently
identified as delayed?

Four different question-answering methods were
evaluated:



e  Direct LLM — only the user question is given to the
LLM.

e LLM + Full Graph Data — the LLM receives the
question and the entire project graph data model as
input.

e  Text-to-Cypher Retrieval — the LLM generates a
Cypher query directly from the question and
retrieves graph data in a single step.

e  Proposed Graph-RAG Method — the schema-aware
decomposition and retrieval framework proposed in
this study.

A Python-based testing interface was developed to
allow a user to submit a question and automatically
generate responses from all four evaluation methods
simultaneously for comparison, as illustrated in Figure 3.

Question

Preset: | What was the construction status of the activty "8 Columns A~ FW" on 2025-06-022

Question: | Based on the lotest available observations, which construction activities are currently identified as delayed?

omparison Results.

Boam B~ FW, Boam B - Con, Beam A

Figure 3. Screenshot of the Python testing
environment showing simultaneous outputs from
the four evaluation methods.

4.4 Results

The experimental results demonstrate clear
differences between the evaluated methods. When only
the question was provided to the LLM, the model was
unable to produce correct answers for any of the
questions because it had no knowledge of the specific
project data. This outcome is expected since general-
purpose LLMs are trained on broad datasets and do not
contain information about a particular construction
project.

When the entire project graph data model (218 nodes
and 377 relationships) was provided as input to the LLM,
the API request exceeded the tokens-per-minute (TPM)
rate limit of GPT-4.1, producing the following error:

Error: request exceeds the allowed token limit (429
rate limit error).

This indicates that processing the entire project graph
as input exceeded the TPM rate limit of the GPT-4.1 API,
making this approach impractical for real-world
applications due to computational and processing
constraints.

The remaining two approaches were able to produce
responses. The one-step Text-to-Cypher method
correctly answered only the last two questions (2/6),
while it failed to correctly interpret the temporal context
required for the first four questions. In contrast, the
proposed Graph-RAG framework successfully answered
all six questions while also providing evidence retrieved
from the project graph. A summary of the performance
of the four evaluated methods is presented in Table 1,
demonstrating the improved accuracy and reliability of
the proposed Graph-RAG framework in retrieving
project-specific information.

Table 1. Accuracy comparison of the evaluated question-
answering methods.

Method Accuracy
Direct LLM 0/6 (0 %)
Not executable
LLM + Full Graph Data under standard API

rate limits
2/6 (33.3 %)
6/6 (100 %)

Text-to-Cypher
Proposed Graph-RAG

5 Discussion and Conclusions

This study proposed a Graph Retrieval-Augmented
Generation (Graph-RAG) framework to enable natural
language interaction with construction project graph data
models. By integrating a large language model with a
graph database, the framework allows users to query
project information in natural language while ensuring
that responses are grounded in structured project data.
The case study shows that the approach can effectively
retrieve project-specific information from heterogeneous
data sources integrated into a unified project graph.
Compared with alternative approaches such as direct
LLM interaction and one-step Text-to-Cypher retrieval,
the proposed framework achieved higher accuracy and
produced responses supported by explicit graph evidence.

Nevertheless, this study has some limitations. The
evaluation was conducted on a single case study with a
relatively small project graph, which may not fully
represent the scale and complexity of larger construction
projects. Future work will extend the framework to
support multi-query conversations, causal and predictive
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reasoning, and broader evaluation across different project
types. Further research will also examine the
performance, scalability, and user adoption of the
proposed framework in larger construction project
environments.
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