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Abstract

Building maintenance, particularly corrective maintenance that requires rapid response
to unexpected defects, remains a challenging domain for automation. Although Building
Information Modeling (BIM) offers rich data for maintenance, its direct application to
robotics presents challenges due to different 3D environment representation approaches.
This research proposes a framework that bridges this gap by leveraging Large Language
Model (LLM) and a novel BIM-driven 3D Scene Graphs (BIM3DSG) for automated robot
task planning in corrective building maintenance. The framework consists of five LLM-
based modules that handle semantic searching, robot selection, navigation planning,
scanning planning, and task planning. To enable efficient integration of building and
robotic domains, this research introduces BIM3DSG, which bridges the gap between
volumetric BIM data and robotics-oriented 3D Scene Graphs by mapping BIMSegGraphs,
room-wise segmented BIM data, to a new extended 3D Scene Graphs. This unified
structure effectively enables the direct use of BIM data in robotic applications while
addressing LLM token limitations. Evaluation results demonstrate that while the base
GPT-40 model performs well on simpler tasks, it struggles with complex spatial reasoning.
The more advanced o1-preview model shows superior performance in handling intricate
scenarios but faces challenges in optimal scanning position determination. The framework
successfully demonstrates the potential for automating corrective maintenance tasks,
though some limitations in scanning optimization remain. This research contributes to
the field by: (1) developing a comprehensive high-level planning framework for robotic
corrective maintenance (2) introducing BIM3DSG as a unified representation bridging BIM
and robotics, and (3) a comprehensive evaluation of LLMs’ spatial reasoning capabilities
in the Architecture, Engineering, and Construction (AEC) domain through integration with
a real-world robotics library.
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Chapter 1

Introduction

1.1 Background and Motivation

BIM has become a standard data format for controlling and managing building information
and serves as a core technology for overseeing the entire building lifecycle from design
and construction to maintenance. By digitally representing various data such as building
geometry, materials, and construction details, BIM provides an adaptable source of
information that can be leveraged during building maintenance to facilitate ef cient decision-
making.

Building Maintenance is broadly divided into two categories: preventive and corrective
maintenance (C. Chen & Tang, 2019):

- Preventive Maintenance:
Planned actions based on personal experience to prevent breakdowns. This includes
regular inspections and repairs such as painting and covering work to maintain the
building's normal performance.

- Corrective Maintenance:
Unplanned urgent repairs or replacements are required when an item fails to perform
its function due to delays or failures in preventive maintenance.

Preventive maintenance refers to tasks such as regular inspections, scheduled painting,
and periodic equipment replacements. Since these tasks are predictable and planned,
extensive research has been conducted on automating preventive maintenance through
advanced technologies such as BIM, machine learning, and robotics, for automated
documentation, data management, and inspection processes (C. Chen & Tang, 2019;
Halder & Afsari, 2023; Valero et al., 2019).

In contrast, corrective maintenance deals with sudden wall cracks, unexpected leaks, or
unforeseen equipment failures. Due to the unpredictable nature and urgency of these
tasks, research on automating corrective maintenance remains under-explored (Marocco
& Garofolo, 2021). Nevertheless, corrective maintenance accounts for approximately
90-97% of building maintenance activities, comprising mostly unplanned service requests
(Mo & et al., 2020). While the methods used for preventive maintenance automation
are effective in handling predetermined conditions, applying them directly to corrective
maintenance is signi cantly more complex due to unpredictable malfunctions and diverse
scenarios.



1.2 Emerging Technologies: LLM and 3D Scene Graphs

1.2.1 LLMs for Corrective Maintenance

Research on building automation has increasingly focused on leveraging robotics for
maintenance tasks, with active advancements across various domains. For example,
robots have been employed to investigate problem areas in hazardous or hard-to-reach
locations (Brunete et al., 2012; Torok et al., 2014), to perform surveillance and inspection
of interior spaces and equipment (Lopez et al., 2013), and to automate construction
scheduling or quality control tasks (Hamledari et al., 2020). In addition, vertical climbing
robots have been developed to maintain and clean the exterior surfaces of high-rise
buildings (Moon et al., 2015). Such robotic systems play an important role in automating
preventive building maintenance tasks that are dif cult or unsafe for human workers and
become especially valuable in situations where rapid response is required for unpredictable
corrective maintenance.

Corrective maintenance typically begins when users or occupants discover unexpected
issues, and each case can demand urgent repairs. Given the urgency and diversity of
these tasks, it becomes important to interpret human instructions quickly and plan exible
responses. Consequently, determining how a robot navigates through a building, in what
order tasks should be performed, and which tools or materials are necessary demands
high-level decision-making, often required for robotic application.

Recent advances in Arti cial Intelligence have introduced LLMs capable of understanding
and generating human-like text across diverse domains. Motivated by their powerful
language comprehension and generation capabilities, researchers have explored LLMs
for robot high-level task planning (Brohan et al., 2023; Driess et al., 2023; Rana et al.,
2023; Song et al., 2023). However, LLMs are primarily trained on textual data, which
inherently limits their ability to interpret or navigate complex 3D environments (B. Chen
et al., 2024). Although studies are beginning to investigate spatial reasoning within LLMs,
the eld remains underexplored, particularly for building maintenance tasks.

1.2.2 Bridging BIM and 3D Scene Graphs for 3D Representation

To address this challenge, integrating the enriched building information provided by BIM is
essential. BIM encompasses a building's lifecycle and contains valuable data on geometry,
materials, and construction details. However, feeding the entire BIM dataset directly into
an LLM is typically impractical due to token limitations. While such detailed information
(e.g., material properties, construction speci cations) is bene cial throughout the building

lifecycle, it often exceeds what is necessary for applications like robotic path planning
or rapid corrective maintenance. Instead, robotic operations require concise yet crucial
spatial and semantic information, including navigable spatial structures such as rooms,
corridors, doors, and objects that robots can interact with, as well as other spatial data



organized and scanned by rooms. This data directly in uences robot route planning, task
sequencing, and object interaction.

In this regard, 3D Scene Graphs, initially developed by Armeni et al. (2019), have gained
attention in robotics and computer vision as a means to represent core spatial and semantic
information (Brohan et al., 2023; Cheng et al., 2024; Rana et al., 2023; Zheng et al., 2023).
A 3D Scene Graph selects important components (e.g., rooms, objects, assets, scanning
positions) and organizes their spatial connections, attributes, and locations in a compact
graph format (Armeni et al., 2019). This graph-based representation enables ef cient
processing of complex spatial data by focusing on the essential information needed for
robotic tasks. It helps overcome token-limit issues in LLMs and provides a clear, compact
spatial context that is essential for robotic decision-making. However, conventional 3D
Scene Graphs have mostly been tailored to household tasks in robotics and computer
vision, often covering only small-scale environments such as domestic spaces. As a result,
they do not encompass major building elements (e.g., walls, ceilings, oors, windows),
making it dif cult to map BIM information to 3D scene graphs for applying robotics to tasks
in the AEC domain

On the other hand, there has been active research on converting BIM data into graphs to
enhance various building-related tasks (Buruzs et al., 2022; Gan, 2022; Khalili & Chua,
2015; Tauscher et al., 2016; Vilgertshofer & Borrmann, 2017; Zhao et al., 2020). The
majority of these studies map volumetric building object instances in the BIM model (e.g.,
IfcWall, IfcDoor) as nodes in the graph (Zhu et al., 2022). However, such volumetric graphs
are not well-suited for applications where a robot needs to access details segmented by
individual rooms (e.g., surfaces, objects) for direct interaction.

To address this issue, the BIM-Room-Graph module (Claire, 2024), originally developed
for matching scanned data with BIM, presents a potential solution. It achieves this by
segmenting the volumetric BIM model into a room-wise structure of surfaces, known as
BIMSegGraphs (Claire, 2024). This approach provides a solid foundation for extracting the
room-wise data required for robotic applications from the BIM model while maintaining a
graph structure similar to conventional 3D Scene Graphs. As a result, it holds considerable
potential for integration with existing robotic libraries. Nevertheless, there has been limited
exploration into how to effectively combine BIMSegGraphs with conventional 3D Scene
Graphs to leverage BIM data for building maintenance for direct robotic applications.

In the following section, | discuss how these emerging technologies intersect with the main
challenges of corrective maintenance and introduce the research questions.

1.3 Research Questions

As discussed in section 1.1, previous research on automating building maintenance via
robotics has predominantly centered on predictable preventive maintenance (Brunete
et al., 2012; Hamledari et al., 2020; Lopez et al., 2013; Moon et al., 2015; Torok et al.,



2014). In contrast, corrective maintenance involves unexpected and unpredictable failures,
which necessitates a rapid response to a wide range of scenarios using robotic systems.

In a typical corrective maintenance scenario, once a user reports a problem, the robot must
plan its route, determine the task sequence, and select the appropriate tools. LLMs offer a
promising solution for high-level planning through their natural language comprehension
and domain-speci c reasoning capabilities. Nonetheless, LLMs are limited in spatial
reasoning, and directly feeding comprehensive BIM data to them is impractical due to
token limits.

Recent studies have shown that 3D Scene Graphs can be used to extract and summarize
essential building structures for robotic or computer vision tasks, thereby reducing token
limitations and enhancing spatial awareness (Brohan et al., 2023; Driess et al., 2023;
Rana et al., 2023; Song et al., 2023). However, existing 3D Scene Graph implemen-
tations typically focus on relatively domestic environments, limiting their utility in AEC
domains where crucial architectural elements (e.g., walls, ceilings, oors, facilities) must
be represented. Meanwhile, conventional BIM-driven graphs, which adopt a volumetric
object-centric approach, do not easily grant access to the room-wise data required for
robotic applications. The introduction of BIMSegGraphs Graphs offers a potential solution
by segmenting building models in a room-wise manner, but further research is needed
to integrate BIMSegGraphs with standard 3D Scene Graphs and extend the outcome to
real-world robot implementations.

To address these challenges, the present study identi es three key research problems:

- Most existing robotic automation in the AEC domain has focused on preventive
maintenance tasks, partly due to the unpredictable nature of corrective maintenance.

- Conventional 3D Scene Graphs are useful for robotic task planning, but there is
no established process for standardizing the representation of key architectural
elements (e.g., doors, walls, windows) in the AEC domain.

- BIM-driven graphs are primarily structured around volumetric objects, which limits
room-wise robotic interaction. BIMSegGraphs address this by re-con guring BIM
data into room-wise segments, but their integration with existing 3D Scene Graphs
has not been fully explored.

- There is limited understanding of how to integrate a robot plan for building mainte-
nance with an actual robaotic library (e.g., path planning, task sequencing).

To address these gaps, a comprehensive robot planning framework for corrective main-
tenance is needed. This framework suggests a method to bridge the gap between
BIMSegGraphs and conventional 3D Scene Graphs that constructs a method to generate
BIM-driven 3D Scene Graphs. Additionally, it supports LLM-based high-level planning and
seamlessly interfaces with a robotic library for corrective maintenance tasks. Accordingly,
this study explores the following research questions:



RQL.

RQ2.

RQS3.

Automated Robot Planning for Corrective Maintenance: How can | design a
robot high-level task planning framework that integrates LLMs to effectively manage
the unpredictable corrective building maintenance?

BIM-driven 3D Scene Graph (BIM3DSG): How can | bridge the gap between
BIMSegGraphs and conventional 3D Scene Graphs to directly apply BIM data in
robotic applications for the AEC domain?

Integration LLM-based Task Planning with Robotic Library for building main-
tenance: How can | integrate such an LLM-based robot task planning approach
and BIM-driven 3D Scene Graphs into a robotic library for the AEC domain, so that
future robotic operations for building maintenance can be potentially executed?



Chapter 2

Literature Review

2.1 Automation in Building Maintenance

Robots have been employed in building maintenance to automate preventive maintenance
tasks by investigating problematic areas in hazardous or hard-to-reach locations (Brunete
et al., 2012; Torok et al., 2014). Additional applications include surveillance and inspection
of interior spaces and equipment (Lopez et al., 2013), as well as automated construction
scheduling or quality control tasks (Hamledari et al., 2020).

Among these, Hamledari et al. (2020) proposed a framework for overall automated task
planning from data collection with robots to facility monitoring, leveraging key information
from 4D BIM models. In their framework, geometric information, inspection targets, and
time-stamping details from the 4D BIM model are extracted and subsequently provided
to the robot as essential information. This research contributed to effectively automating
construction quality inspection using Unmanned Aerial Vehicless (UAVs). However, the
rule-based algorithm employed in the planning phase was limited in handling more diverse
scenarios and defect cases required in corrective maintenance tasks.

Furthermore, their study highlighted challenges when applying the BIM model's geometric
information to robotics. For instance, for a drone to determine its position when inspecting
wall construction quality, a custom algorithm had to be developed to segment walls per
room from the BIM model. This challenge arises because the geometric data extracted
from BIM models is de ned in an object-centric (volumetric) manner, making it dif cult
to directly access the surface information robots need to interact with within a room.
Consequently, a custom algorithm was utilized to extract the wall surfaces. This example
underlines the necessity of nding methods for alignment between 3D environments
derived from BIM and robotic systems in order to achieve integration.

2.2 3D Scene Graphs vs BIM-driven Graphs

To automate building maintenance tasks using robots, it is essential for the robots to
accurately understand 3D environments and leverage this information to make informed
decisions. In this regard, the AEC domain typically employs BIM as a standard way of
representing 3D environments, enriched with data speci ¢ to building maintenance. Mean-
while, there has been growing interest in research focused on using LLMs and 3D Scene
Graphs to enable robots to understand and interact with large-scale 3D environments



Figure 2.1: 3D Scene Graph Structure from Armeni et al. (2019)

(Cheng et al., 2024; Rana et al., 2023) This section reviews prior studies to examine each
approach and discusses the challenges involved in aligning these two representations.

2.2.1 3D Scene Graphs

Various approaches have been explored to convey 3D environment information to robots
using LLMs, including vision-based value functions (Brohan et al., 2023), object detectors
(Huang et al., 2022; Song et al., 2023), and Planning Domain De nition Language (PDDL)
descriptions of a scene, which is a standardized language for de ning planning problems,
allowing robots to reason about actions and goals (B. Liu et al., 2023; Silver et al., 2022).
However, these methods have been constrained to small, limited environments, often only
one or two rooms (Rana et al., 2023).

To address the scalability issue to larger spaces, a growing number of LLM-based robot
task planning studies have introduced the concept of 3D Scene Graphs (Cheng et al., 2024;
Rana et al., 2023). A 3D Scene Graph is a hierarchical graph representation designed
to model 3D environments with semantic and spatial information (Armeni et al., 2019).
Originally developed for computer vision tasks, they aim to integrate spatial, semantic, and
relational information into a uni ed framework. This structure, widely adopted in robotics,



consists of four layers: (1) the building layer, (2) the room layer, (3) the object layer, and
(4) the camera layer, as illustrated in g. 2.1 (Armeni et al., 2019).

Their hierarchical structure enables semantic searching to extract essential spatial infor-
mation for LLMs based on user inputs, effectively addressing token limitation issues (Rana
et al., 2023). For instance, the SayPlan study utilized 3D Scene Graphs to implement a
semantic searching module that reduced token count by 70-80%, enabling the communi-
cation of large-scale 3D environments with up to 37 rooms to LLMs. This research also
demonstrated the development of a robot task planner using LLMs for household tasks
and provided quantitative evaluation metrics.

However, applying such a structure to the AEC domain is challenging. This dif culty stems
from the fact that the current 3D scene graph structure does not account for core building
elements such as walls, ceilings, oors, windows, and doors. Moreover, as discussed in
section 2.1, BIM models do not organize data room-by-room. This makes it challenging to
generate 3D scene graphs, which rely on room-speci ¢ data for robot interaction, directly
from BIM data in the AEC context. This is because most 3D scene graph generation
methods rely on raw scanning data from established 3D scanning benchmarks e.g.,
Matterport3D (Chang et al., 2017), Gibson Database (Xia et al., 2018) (Bae et al., 2023).
As aresult, 3D Scene Graphs are often structured around camera and room layers (Armeni
etal., 2019).

2.2.2 BIM-driven Graphs

In parallel with 3D Scene Graph approaches, numerous studies in the AEC domain have
attempted to convert BIM data into graph-based formats to improve ef ciency(Buruzs et al.,
2022; Gan, 2022; Khalili & Chua, 2015; Tauscher et al., 2016; Zhu et al., 2022). These
efforts focus on enhancing building information representation, clarifying relationships
between objects, facilitating data integration, and promoting interoperability and ef cient
query processing (Zhu et al., 2022). For example, Khalili and Chua (2015) converted
Industry Foundation Classes (IFC) data into labeled graphs to enable topological queries
regarding building elements. Similarly, Tauscher et al. (2016) transformed the IFC object
model into a graph to establish a graph-based BIM querying approach. In another study,
Gan (2022) utilized the graph database Neo4j to integrate sensor data with IFC information
for bridge structural health monitoring. To enrich building space information, Buruzs et al.
(2022) developed accessibility graphs from IFC data as an intermediate step.

In most of these approaches, volumetric BIM building objects are mapped to nodes in
the graph (Zhu et al., 2022). However, this volume-based mapping often fails to provide
the surface-level information inside a room that a robot needs for interactive tasks, thus
posing a challenge for direct applicability to robotic applications, as demonstrated in the
experiments by Hamledari et al. (2020).

BIM-Room-Graph module (Claire, 2024) introduced a concept called BIMSegGraphs
to tackle the challenges stemming from the volumetric nature of standard BIM objects.



By segmenting and merging BIM surfaces on a per-room basis, the BIM-Room-Graph
module aligns scanning data with BIM information in a manner that re ects the room-
wise data collection approach commonly used in scanning systems. This alignment is
further encapsulated in a graph structure that captures adjacency relationships among the
resulting room-wise elements and surface segments.

Although BIMSegGraphs provide a key foundation for converting volumetric BIM data into
a room-wise data structure that is easier for robotic applications to use, they still lack
some of the detailed hierarchical layers found in 3D Scene Graphs. Additionally, they
include highly detailed and scanning domain-speci c information, not all of which directly
correlates with existing robotics libraries, underscoring the need for further investigation
into robust methods for integrating BIM data within robotic work ows.

2.3 Large Language Models

Recent advancements in Arti cial Intelligence have demonstrated that LLMs possess
remarkable capabilities in understanding domain knowledge and interpreting various
forms of human natural language without speci ¢ training. In this section, | present
LLMs research to show its amazing milestones in robotic task planning and explain why |
hypothesize that LLMs could potentially address the complexity of corrective maintenance
tasks involving diverse cases and variables.

2.3.1 Robot Task Planning using LLMs

As discussed in section 2.1, rule-based algorithms for automated maintenance tasks
often struggle to handle the diverse defect cases and unpredictable scenarios found in
real-world corrective maintenance. To address these limitations, recent research has
begun exploring the potential of large language models (LLMSs) for robot task planning
(Cheng et al., 2024; Han et al., 2024; Kannan et al., 2024; Rana et al., 2023; Song et al.,
2023). These studies leverage LLMs' remarkable capabilities in understanding domain
knowledge and interpreting various forms of human natural language without requiring
extensive task-speci c training. By doing so, they have achieved signi cant milestones in
automating high-level task planning directly from natural language instructions provided by
users.

SMART-LLM (Kannan et al., 2024) introduces a framework speci cally designed for
multi-robot task planning that decomposes high-level instructions into subtasks, forms
robot coalitions, and performs task allocation using LLMs. This approach emphasizes
coordinating multiple heterogeneous robots by leveraging LLMs' ability to understand task
dependencies and robot capabilities.

LLM-Planner (Song et al., 2023) focuses on few-shot grounded planning for single robots
in embodied environments. Its key innovation lies in dynamic replanning capabilities, when
the robot encounters obstacles or changes in the environment, the system can update its



plans based on real-time observations. This allows for more robust execution in partially
observable environments while requiring minimal training data.

LLM-Personalize (Han et al., 2024) addresses the challenge of aligning robot behaviors
with individual user preferences. The framework combines imitation learning and iterative
self-training to personalize an LLM planner according to speci ¢ user needs. This enables
household robots to learn and adapt their task execution strategies based on different
users' preferences for object arrangements and task completion styles.

These approaches demonstrate how LLMs can be leveraged in different ways to create
more exible and adaptable robot planning systems compared to traditional rule-based

methods using their strong ability to interpret human natural language and general knowl-
edge to make high-level decisions. However, these studies revealed limitations of LLMs
including environment scalability constraints due to token limits and potential hallucinations
stemming from limited spatial reasoning capabilities. In particular, to address the scalability
issue of being con ned to small 1-2 room environments, 3D Scene Graphs have been

proposed as an effective method for conveying 3D environmental information to robots
(Rana et al., 2023).

2.3.2 Robot Task Planning using LLMs and 3D Scene Graphs

The SayPlan (Rana et al., 2023) study presents an LLM-based planner that leverages
large-scale spatial data by integrating the reasoning abilities of LLM and the hierarchical
data management characteristics of 3D scene graphs. In this research, LLM are employed
for two primary tasks: semantic searching and task planning. The semantic searching
component interprets natural language user input and identi es corresponding target
nodes in the 3D scene graph. Initially, in the semantic searching module, the LLM input is
restricted to collapsed 3D scene graphs containing only high-level node information. Then
it can then “expand” or “close” these nodes through function calling, enabling it to locate
the desired target node. This approach reduces input token counts by approximately
70-80%, which in turn allows the LLM to handle information about more than 37 rooms,
as opposed to just one or two (Rana et al., 2023).

Once the target node is found, SayPlan (Rana et al., 2023) employs an LLM-based planner
to devise high-level plans for the given task. Subsequently, low-level task planning, such
as generating nal robot action commands or navigation paths, is handled by algorithms
like Dijkstra's algorithm. This study is the rst to introduce a semantic searching module
utilizing 3D scene graphs, enabling the LLM to identify target nodes through its own
spatial reasoning capabilities. This advancement demonstrates the scalability of 3D
environment data for LLM task planning, expanding its applicability from one or two rooms
to environments encompassing up to 37 rooms (Rana et al., 2023).

However, since the LLM's inherent spatial reasoning does not always immediately identify
the target node, the authors developed a scene graph simulator to simulate and provide
feedback on search results, allowing the LLM to regenerate the plan. This suggests that



LLMs, particularly GPT-4 and GPT-3.5 models, have certain limitations in their own spatial
reasoning capabilities, although this study does not identify speci c constraints regarding
this limitation. Furthermore, while this study focuses on semantic spatial reasoning
(i.e., understanding user instructions and identifying corresponding nodes), it does not
extensively explore spatial dimensional reasoning, such as leveraging precise coordinate
or dimension data for more complicated spatial tasks.

2.3.3 Robot Path Planning using LLMs

Robot path planning has traditionally relied on classic graph searching algorithms such as
Dijkstra's and A* due to their guaranteed optimality, implementation simplicity, reliability,
and computational ef ciency (L. Liu et al., 2023). However, recent research has begun
exploring the potential of LLMs in path planning tasks (Cheng et al., 2024; Meng et al.,
2024).

Meng et al. (2024) demonstrated this potential through LLM-A*, which combines LLMs
with the A* algorithm. By leveraging LLMs to generate waypoints and guide the A* search
process, their hybrid approach achieved signi cant reductions in both computational

operations and memory usage compared to traditional A*, while maintaining path validity.

While LLMs have not yet shown suf cient stability to fully replace classical algorithms in
path planning, due to limited research on their spatial reasoning capabilities, they offer
a crucial advantage on semantic understanding. Unlike traditional algorithms that focus
solely on geometric path planning, LLMs combined with 3D scene graphs can provide
richer semantic comprehension of the environment (Cheng et al., 2024).

Cheng et al. (2024) propose and evaluate an LLM-based navigation path planning frame-
work integrated with 3D scene graphs, leveraging the concept of LLM Tooling. This study
contributes by assessing LLMs' ability to interpret 3D scene graphs, identifying optimal
prompting strategies, and employing LLM-based scoring mechanisms to enhance the
accuracy and reliability of LLM responses. Speci cally, the study leverages the notion of
LLM Tooling, in which an LLM is used not only to produce answers but also to evaluate
those answers and provide feedback, thereby iteratively improving navigation path planning
accuracy. Moreover, the authors experiment with various 3D scene graph representations,
including hierarchical versus attened 3D scene graphs and those with semantic node de-
scriptions versus those without, to identify the most suitable representation for LLM-based
navigation path planning.

However, the evaluation in this study is limited. With only ve trial attempts and a relatively
simple evaluation procedure, it remains challenging to fully understand the limitations of
LLMs' spatial reasoning capabilities and to conclusively determine the optimal 3D scene
graph structure for LLM-based navigation planning.



2.4 Summary of Literature Review

Based on the above literature review, the current research in automation in building
maintenance, robotics with LLMs and 3D scene graphs can be summarized as follows.

Current research in building maintenance automation primarily focuses on preventive
maintenance tasks, leveraging their predictability and the possibility of planning ahead.
However, this approach has limitations in addressing corrective maintenance tasks, which
require rapid adaptation to unforeseen conditions and dynamic data. When it comes
to representing 3D environments for robotic applications, a mismatch exists between
conventional 3D scene graphs, which focus on rooms and objects but omit fundamental
building elements like walls, ceilings, and oor, and BIM-derived data, which emphasize
volumetric structural information but often lack room-wise segmented data that robots need
to interact. Although BIMSegGraphs partially bridge this gap by segmenting BIM data by
rooms, a fully integrated approach that aligns BIMSegGraphs with standard 3D scene
graph structures remains a challenge. Lastly, while LLMs have shown signi cant potential
in task planning and semantic interpretation, most research has focused on small-scale
household applications. However, LLM-based robot task planning for domain-speci c
tasks in the AEC sector remains largely unexplored. Additionally, the performance and
capability of LLMs in spatial and dimensional reasoning for large-scale AEC environments
remain poorly understood.

Therefore, the research gaps can be summarized in the following research gaps:

2.4.1 Research Gaps

- Lack of Research in Automation for Corrective Maintenance:
Existing studies predominantly target preventive maintenance due to its predictable
nature, resulting in a shortage of research on frameworks and methods that can
handle the dynamic and variable conditions of corrective maintenance tasks.

- Need to Bridge 3D Scene Graphs with BIMSegGraphs:
Conventional 3D scene graphs in computer vision lack essential building elements,
whereas BIM-derived graphs emphasize volumetric, structurally oriented data. Al-
though BIMSegGraphs have addressed the mismatch between BIM and robotics by
reconstructing BIM data on a room-by-room basis, there remains a need to bridge
3D scene graphs between BIMSegGraphs to enable full integration from BIM to
robotics.

- Limited Evaluation and Analysis of LLM Spatial Reasoning for the AEC Domain:
Research on LLM task planning has largely focused on the household domain,
with relatively few studies addressing tasks in the AEC domain. In particular, the
performance evaluation of LLMs in spatial reasoning and dimensional reasoning
for the AEC domain is insuf cient, highlighting the need for further analysis and
evaluation.



Chapter 3

Methodology

3.1 Methodology Overview

This chapter begins by revisiting the research questions and objectives, providing an
overview of the entire framework pipeline. More speci cally, in section 3.2, | outline the
key data sources and preparation methods used in this study, then introduce the detailed
pipeline of the framework and its ve main LLMs-based modules in section 3.3. Finally, |
present the evaluation methodology, including the assessment framework and visualization
tools in section 3.4.

This research aims to develop an initial framework for automating corrective maintenance
tasks tailored to robots. Corrective maintenance requires immediate responses to unex-
pected defects and dynamic conditions, making it more challenging to automate compared
to preventive maintenance. To address these challenges, this research leverages LLMs,
which can interpret diverse scenarios and apply repair domain knowledge to a certain
extent.

However, using LLMs and robots to automate corrective maintenance tasks also demands
a standardized way of representing 3D environments that aligns both the AEC domain
and robotics. In robotic applications, 3D Scene Graphs have emerged as a new method
to communicate large-scale 3D building environments to LLMs, yet their current struc-
tures do not fully account for essential AEC domain requirements, such as incorporating
fundamental building elements like walls, ceilings, and oors.

Meanwhile, existing techniques for converting BIM to graph-based formats in the AEC
domain tend to focus on volumetric data rather than the surface data that robots directly
interact with inside rooms. While BIMSegGraphs have partially addressed this gap by
aligning scanning data with BIM, further work is needed to integrate these BIM-driven
graphs into the conventional 3D Scene Graphs. Ultimately, this research aims to propose
a fully end-to-end methodology, encompassing data preparation, 3D environment mod-
eling, and LLMs integration with robotic libraries for high-level task planning, to facilitate
automated corrective maintenance in real-world building environments.

Moreover, although LLM-based robot task planning has achieved notable milestones for
household tasks, the spatial and dimensional reasoning capabilities required for AEC
applications remain underexplored. Another challenge lies in developing an effective
methodology to seamlessly integrate BIM data with existing robotic libraries. Therefore,
the proposed methodology focuses on addressing the following key problems:
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- Developing an end-to-end high-level robotic task planning framework that combines
LLMs and BIM-driven 3D Scene Graphs

- Bridging the gap between BIMSegGraphs and conventional 3D Scene Graphs for
robotic applications in building maintenance

- Integrating the LLM-based task planning framework with standard robotic libraries to
streamline automated building maintenance

3.1.1 Framework Overview

Figure 3.1: Corrective Maintenance Process from (Park et al., 2021)

As illustrated in g. 3.1 (Park et al., 2021), the corrective maintenance process, ranging
from defect reporting to on-site repairs, consists of multiple intermediate steps such as
defect inspection, repair planning, data collection and analysis, and document review
and updating. Each of these steps involves complex and interconnected tasks. To
fully automate this corrective maintenance process, four key automated components
are needed: (1) automated report interpretation, (2) automated mission planning (3)
automated data collection and analysis, and (4) automated documentation.

In this study, | focus on automating the rst two components through the use of LLMs.
Due to time and resource constraints, this research is limited to text-based defect reports.
However, this framework could be extended to incorporate visual resources such as



Figure 3.2: The Framework Overview

images by using Visual-Language Models to convert them into textual descriptions, thereby
integrating them into this LLMs-based work ow.

As shown in g. 3.2, the proposed framework is composed of ve key LLMs-based
modules designed to process various corrective defect cases described in natural language
reports. The initial inputs to these modules include user-generated defect reports, building
data in BIM-driven 3D Scene Graphs, and a robot database containing multiple robot
con gurations. Each modules extracts and utilizes the relevant information from these
inputs to accomplish its designed tasks.

First, the Semantic Searcher module identi es the defect object node and the correspond-
ing room node from the BIM-driven 3D Scene Graphs based on the user's report. Next, the
Robot Selector module chooses the most suitable robot from the robot database to handle
the speci ed defect task. After selecting an appropriate robot, the Navigation Planner
determines a navigation path from the robot's current position to the defect's location. Upon
arrival in the defect room, the Scanning Planner proposes the optimal camera position and
orientation for defect scanning, taking into account spatial coordinates. Finally, the Robot
Task Planner uses the selected robot con guration and spatial information to generate a
sequence of actions required to perform the repair task.



In summary, this LLMs-based framework automates the entire planning stage of the
corrective maintenance process: from interpreting the defect report, identifying the defect's
location, selecting a suitable robot, determining the navigation path, planning the scanning
strategy, and generating a comprehensive robot task plan.

3.2 Data Preparation

In this section, | introduce the three main types of data in the proposed framework: user
input, building data, and robot data, and explain how each type is de ned and processed.
In section 3.2.1, | discuss what information should be provided from users as an initial
defect report, which is transferred in text. In section 3.2.2, | explain the scale of the 3D
environment used in this research and describe the process of converting the BIM model
into BIM3DSG. This BIM3DSG is newly introduced in this research by bridging the gaps
between the BIMSegGraphs (Claire, 2024) and 3D Scene Graphs (Armeni et al., 2019),
as further detailed in section 3.2.2.1. Finally, section 3.2.3 explains how robot data is
structured and con gured for this framework.

3.2.1 User Input

The main difference between corrective and preventive maintenance processes lies in
how repair requests are initiated. Corrective maintenance begins with a defect report from
users, making the interpretation and understanding of such user descriptions of defects
crucial for automation. Since defects in corrective maintenance occur unexpectedly, they
are typically described by users in various ways. This characteristic highlights the potential
of LLMs for their strengths in natural language processing. However, due to its countless
variations, this framework establishes a minimum set of information required for further
processing in subsequent modules, as shown in code 3.1:

- Defect type:
Information that helps infer the nature of the defect (e.g., crack, cleaning, painting).

- Affected building element:
Identi cation of the building element where the defect has occurred (e.g., wall, ceiling,
oor).

- Defect location:
Details about the room where the defect is located.

code 3.1: User Input Examples

#simple user input example:

"The largest door in room ID 9 is damaged."

#complex user input example

"The wall with one window in the room directly to the right of the
entrance to room ID 26 has a crack"




3.2.2 Building Data

The 3D Environment used in this study is based on BIM representation of a single oor of
a Technical University of Munich (TUM) building. This BIM model, created using Autodesk
Revit, contains 62 rooms and six different-sized doors to accommodate diverse use cases
when evaluating the LLM-based modules. Before converting the BIM model into a 3D
Scene Graph format, it was necessary to reorganize the BIM data by room. This step
addresses the issue noted in section 2.4.1, where commonly used 3D Scene Graphs,
structured hierarchically by rooms in robotics, differ from the object-oriented de nition of
BIM models.

To achieve this, the BIM-Room-Graph framework (Claire, 2024) was utilized. Before
applying the module, the BIM model was rst converted into the IFC format, as this
serves as a prerequisite. The module then uses a geometry kernel and concepts from
collision detection to reorganize the BIM model's surfaces into room-based groups. As a
result, each BIM element is broken down into individual surfaces, which are subsequently
assigned to their respective rooms, as illustrated in g. 3.3b. Finally, the reorganized data
is exported as GraphML and CSV les, with NetworkX used for graph representation.

(a) 3D Environment represented in BIM Model

(b) The Result of the BIM-Room-Graph framework

Figure 3.3: Comparison of 3D BIM representations and their room-based results



As illustrated in g. 3.3b, the BIM-Room-Graph framework provides each surface and

element (such as window and doors) with attributes including the center point coordinate,
geometry information derived from Principal Component Analysis (PCA), normal vector,
element type, associated room and IFC Global Unique IDenti er (GUID) to their respective

rooms, as shown in code A.1. With the BIM model data now structured on a room-by-
room basis, the next step involves remapping this data into the BIM3DSG outlined in the
following section, ultimately producing the nal 3D scene graphs.

3.2.2.1 BIM-driven 3D Scene Graphs (BIM3DSG)

While the 3D Scene Graph structure proposed by Armeni et al. (2019) provides a foun-
dation for spatial relationships in computer vision and robotics, it does not incorporate
essential building elements crucial for the AEC domain, such as walls, ceilings, oors,

windows, and doors. In contrast, BIMSegGraphs (Claire, 2024) offers a method to recon-
struct BIM data on a room-by-room basis by segmenting surfaces. However, this approach
remains insuf cient for fully integrating BIM data into robotic applications. To address this

gap, | propose BIM3DSG, which extends BIMSegGraphs to 3D Scene Graphs Structure
by adapting the format and unifying terminology. | rst compare BIMSegGraphs (Claire,

2024) and Sayplan's 3D Scene Graphs (Rana et al., 2023) to highlight their differences,
then present the newly proposed BIM3DSG structure that bridges both approaches for
robotic applications using BIM.

Figure 3.4: Node Comparison between BIMSegGraph and SayPlan's 3D Scene Graph

When comparing the node structure between BIMSegGraphs and Sayplan's 3D Scene
Graphsiillustrated in g. 3.4, Sayplan's structure introduces a distinct node hierarchy. In this
hierarchy, Asset nodes represent immovable objects such as closets, fridges, and drawers,
while Object nodes refer to movable items that can interact with robots. Additionally, Pose



nodes, placed at the same level as Room nodes, are used to provide scanning data for
the 3D Scene Graph, similar to the approach introduced in the initial 3D Scene Graphs by
Armeni et al. (2019).

In contrast, BIMSegGraphs have hierarchical relationships only between rooms and other
elements through containment relationships, where elements contained within a room
have a relationship with that room. However, BIMSegGraphs still maintains the distinction
between building structure surface nodes and building component nodes such as windows
and doors through adjacency relationships.

Figure 3.5: Link Comparison between BIMSegGraph and SayPlan's 3D Scene Graph

Regarding the link structure, shown in g. 3.5, Sayplan's 3D Scene Graph maintains edges
in a separate Links layer from the Node layer, representing connections between elements
at the same level or adjacent hierarchical levels. Room connections are speci cally
described through Pose nodes (e.g., [kitchen<->posel][posel<->tom's room]), only serving
semantic searching, while Dijkstra algorithm-based navigation planning.

However, BIMSegGraphs generates links based on three types of spatial relationships:
adjacency, intersection, and containment between elements. The adjacency relationships
primarily capture connections between structural elements and components, where sur-
faces have relationships with adjacent surfaces, and elements like windows and doors
have relationships with their hosting surfaces. While intersection relationships are particu-
larly important for Mechanical, Electrical, and Plumbing (MEP) elements passing through
spaces, and containment relationships speci cally represent space-element relationships.
However, these relations do not have hierarchies because BIMSegGraphs is an ef ciently
compressed structure for matching the scanning data to BIM model.

To summarize, conventional 3D Scene Graphs typically employ a detailed hierarchical
structure centered on objects that robots can interact with. This approach excels at
specifying complex relationships among movable objects. In contrast, BIMSegGraphs
adopts a more attened structure that focuses on building surfaces, such as walls, ceilings,
and oors, capturing adjacency relationships based on their room-level organization.



Although BIMSegGraphs effectively represents a building's key structural elements in
the AEC domain, it lacks the detailed hierarchical relationships found in conventional 3D
Scene Graphs.

To combine the strengths of both methods, | propose BIM3DSG, which maps the nec-
essary AEC elements from BIMSegGraphs into the hierarchical structure of 3D Scene
Graphs. Speci cally, BIM3DSG extends the concept of rooms to encompass more general

spaces, including hallways and other non-room areas. It renames the Object layer to the
Surface layer and introduces a distinct Component layer for replaceable building elements,
such as windows and doors, following the representation style of BIMSegGraphs for 3D
environments.

While SayPlan's 3D Scene Graph stores hierarchical information in both node attributes
and links, BIM3DSG avoids such duplication by recording hierarchical relationships only
within the node layer's attributes, as illustrated in code A.3. This design separates purely
navigational information (such as door-based connections between spaces) into the link
layer. Consequently, the link layer in BIM3DSG supports ef cient navigation planning, while
the node layer manages the building's hierarchical structure. This separation signi cantly
reduces token usage for LLM-based planning modules, as unnecessary adjacency and
containment details do not add extra complexity to the graph.

Figure 3.6: BIM3DSG Structure

Finally as shown in g. 3.6, BIM3DSG forms a hierarchical structure of Floor ~ Space

Surface Component, however, the Floor layer was omitted in this study since it deals
with a single oor. Each layer shares common attributes: ID, location, and size. The
location attribute speci es the central coordinate of each element, while the size attribute
represents absolute positive values for width, length, and height. This notation follows the
initial 3D scene graph structure of Armeni et al. (2019). For quick identi cation, | introduce
the ID range as follows: spaces use IDs from 0 to 1000, walls start from 1000, ceilings



start from 2000, oors start from 3000, windows start from 4000, and doors start from
5000.

As shown in table 3.1, the nal BIM3DSG consists of 579 nodes (62 space, 372 surface,
and 145 component nodes) and 72 links. The complete graph representation comprises
35,987 tokens, with 34,834 tokens for nodes and 1,153 tokens for links.

Table 3.1: Node Numbers and Token Sizes of BIM3DSG

Entity Type Number of Entities Total Number of Tokens
Space Nodes 62 4,476

Surface Nodes 372 21,666

Component Nodes 145 8,685

Total Nodes 579 34,834

Total Links 72 1,153

Full Graph 651 35,987

3.2.3 Robot Data

The robot data de nition in this framework builds upon the work of (Kannan et al., 2024),
which proposed a framework utilizing LLMs for task planning across multiple robots. To
adapt Kannan et al. (2024)'s framework for this research, | began by de ning the scope of
basic building corrective maintenance tasks: (1) cleaning surfaces, (2) painting surfaces,
(3) disinfecting elements, (4) lling cracks and (5) picking up trash.

3.2.3.1 Robot de nition

Among currently available robots, movable one-armed robots are considered the most
feasible option for handling complex and detailed maintenance tasks. Each robot is
characterized by attributes such as id, actions, equipment, materials, maximum reach
height, and camera con guration, as shown in code 3.2.

code 3.2: Robot Con guration Example

{

"id" 1,

"actions": [
"loadArm",
"unloadArm",
"spraySurface”,

"wipeSurface"



"equipments™: [
"sprayGun”,
"wiper"

1,

"materials": [
“cleaningSolution”

1,

"max_reach_height": 3000,

"camera"; {"FOV": 90}

3.2.3.2 Action

To perform diverse tasks, each one-armed robot must load and unload different equipment
and materials onto its single arm. While each robot references only the action names, the
detailed parameters and preconditions for each action are explicitly de ned in the action
speci cation. These preconditions were included to provide concise and explicit guidelines
for LLMs-based planner to generate valid action sequences. The action speci cations
ensure clarity by using logical operators, enabling LLMs-base planner to interpret and
sequence actions accurately while adhering to task requirements. The following actions
were identi ed to cover the ve basic corrective maintenance tasks, as shown in code A.2:

code 3.3: Action Speci cation Example

{
"action": "loadArm",
"parameters"; ["equipment”, "material=None"],
"preconditions": [
“if _equipment _==_ sprayGun _and_material _!=_None"
]
h
{

"action": "unloadArm",
"parameters™: []

"action": "collectTrashes",
"parameters": [],
"preconditions”: [
"equipment _==_, gripper ",
"action ==_ scanTrashes"

[




3.2.3.3 Equipment and Material

To execute various tasks and actions, the robot can integrate with diverse equipment
such as the Spray Gun, Scrapper, and Gripper. The Spray Gun, in particular, can load
materials like cleaning solutions, disinfectants, paint, and ller to perform basic corrective
maintenance tasks, as shown in code 3.4.

code 3.4: Eugipment andMaterial Examples

"equipments” = |
"sprayGun",
"wiper",
"scraper”,
"gripper",

"materials” = |
“cleaningSolution"”,
"disinfectant”,
"paint”,

"filler"

3.2.3.4 Final Robot Database

The nal robot database is provided in JSON format. It includes robot speci cations, the
location of the robot's storage area, and each robot's individual con guration, as shown in
code 3.5.

code 3.5: Robot Database in JSON

"robot_specifications": {
"robot_type": "one-arm _robot",
"actions": actions,
"equipments": equipments,
"materials": materials,

3

"robot_storage": {
"room_id": 46

h

"robots": robots,




3.3 LLM-based Modules

This section explores why certain LLMs models were chosen for this research and explains
the architecture of the framework. First, | brie y discuss the selection criteria and char-
acteristics of the chosen LLM Models. Then, | examine the framework's pipeline, which
consists of ve LLM-based modules with three primary databases.

3.3.1 LLM Model Choice

In selecting the LLM for the framework, | primarily used GPT-40 as the base model, as it
was OpenAl's most advanced model as of October 2024. This choice was motivated by its
well-documented performance and widespread use in LLMs research, making it an ideal
model for evaluating spatial their inherent reasoning capabilities of LLMs. Additionally, |
partially tested the o1-preview model, available from November 20. 2024, for cases where
GPT-40 showed limitations and for more complex tasks. This decision was in uenced
by cost considerations. The ol-preview model represents a new text-based model of
LLMs trained through reinforcement learning, speci cally designed for complex reasoning
tasks. It employs a unique approach where the model develops an internal chain of
thought before providing responses, using new reasoning tokens (OpenAl, 2024). While
this can result in higher operational costs regardless of input size, initial tests with the
ol-preview chatbot demonstrated remarkably high accuracy in complex spatial reasoning
tasks, leading me to include it in the nal API-based evaluation as well.

3.3.2 Framework Architecture

The pipeline of the framework, shown in g. 3.7, consists of three primary databases and
ve LLM-based modules. The framework utilizes three main data resources: (1) User
Reports, (2) Building Data in BIM3DSG, and (3) Robot database. Since these databases
can easily exceed GPT-4's token limitations for inputs and outputs, the LLM-based modules
process only speci ¢ subsets of the database, while their outputs are restricted to generate
IDs or brief responses. These subsets are retrieved by local functions using generated IDs
or through direct access to the database. Based on this approach, the framework consists
of ve main LLM-based modules for robotic planning:

1. Semantic Searcher : the searcher to identify relevant defect node IDs and room IDs
within the BIM3DSG database by analyzing natural language user reports

2. Robot Selector : the robot selector to determine the most appropriate robot from
the database based on the user's report and the defect's detailed information.

3. Navigation Planner : the path planner to generate the path with a sequential path
through rooms and doors, from the robot's storage location to the room containing
the defect.



4. Scanning Planner : the planner to calculate the optimal camera position and orien-
tation to scan the defect object within the defect's room.

5. Robot Task Planner : the planner to generate the robot's action sequence to perform
the maintenance tasks based on the selected robot's con guration.

Figure 3.7: Data Flow of the Framework

The proposed framework operates as follows. First, the Semantic Searcher module
processes the BIM3DSG data along with the user's report to identify the defect node ID
and the room node ID where the defect is located. Using the defect node ID, the framework
retrieves two types of node information: (1) detailed attributes of the defect node, and
(2) detailed attributes of all building elements nodes within the defect's room. This room
environment information is provided to the Scanning Planner and Robot Task Planner,
which generate plans within the given environmental condition.

Next, the Robot Selector analyzes the user report with the retrieved defect's details such
as size and location to choose the most suitable robot. Once the optimal robot is identi ed,
the framework retrieves the selected robot's con guration and camera Field of View (FOV)
from the robot database, which are then provided to the Robot Task Planner and Scanning
Planner.



Following robot selection, the Navigation Planner calculates the shortest path from the
selected robot's storage room to the defect's room. This path is represented as a sequence
of room and door IDs, effectively guiding the robot to the target environment.

With the environment and path established, the Scanning Planner determines the optimal
camera position and orientations for scanning the defect. To do so, it takes into account
the coordinates, dimensions, and spatial arrangement of all building elements within the
defect's room.

Finally, The Robot Task Planner generates a sequence of actions for executing the required
maintenance task with the user's defect report, the retrieved room environment details,
and the selected robot's con guration including robot action capabilities.

While the Robot Selector and Navigation Planner, as well as the Scanning Planner and
Robot Task Planner, are technically independent in their sequence, they are executed
sequentially to extend the framework in the future and align with the maintenance process
work ow.

3.4 Evaluation Methods

This section outlines the methodologies used to evaluate the proposed LLM-based mod-
ules, including both semantic and computational tasks. It provides details on the experi-
mental setup, the classi cation of evaluation criteria according to task complexity, and the

speci c test conditions designed for each module. Moreover, it introduces the visualiza-
tion tools developed to assess spatial and dimensional reasoning tasks, highlighting the
importance of qualitative and quantitative analysis for understanding the performance and
limitations of the evaluated modules.

3.4.1 Experimental Setup

In the evaluation framework, | utilized OpenAl APl models, GPT-40 and ol-preview. The
GPT-40 models served as the primary baseline for assessing the performance of each
module, while the ol-preview model was employed selectively, only when the GPT-40
model exhibited failure. This selective usage was motivated by cost considerations. For the
experimental con guration, while setting the temperature parameter to 0 could enhance
response consistency, the ol-preview reasoning model (as of November 2024) does
not yet provide temperature API control (OpenAl, 2024). Therefore, to ensure a fair
comparison between models, the GPT-40 model's temperature was set to its default value
of 1 (OpenAl, 2024). For each use case, up to ve experimental trials were conducted,
with outcomes categorized as success, failure, or intermediate success. The evaluation
included both individual assessments of each module as well as integrated, end-to-end
tests conducted across representative scenarios involving all modules.



Each module is characterized by its inputs, outputs, and task of complexity, as summarized
in table 3.2. The measure of task complexity is introduced to provide context for interpreting
module performance, as accuracy rates can vary based on task dif culty. This complexity
measure indicates the relative dif culty of each LLM's reasoning task by comparing it to
the time and effort a human would require to perform the same task.

Table 3.2: LLM-based Modules Con gurations

Module Task Inputs Outputs
Complexity
Semantic High User Report, Defect Node ID,
Searcher BIM3DSG[Nodes] Room Node ID
Robot Low User Report, Robot ID
Selector Defect Details,
Robot Database
Navigation High Defect Room ID,
Planner Robot Storage Room 1D, A Sequence of
BIM3DSG[Links] Room and Door IDs
Scanning Very High Room Env Details, Camera Position
Planner Robot's Camera FOV Camera Orientation
Task Mid User Report, A Sequence of
Planner Room Env Details, Robot Actions

Selected Robot's Con g

3.4.1.1 Task Complexity and Evaluation Purpose

1. Semantic Searcher (Evaluation of LLM's Spatial Graph Querying)

The semantic searcher module assesses the LLM's ability to perform spatial graph
gueries. Given a complex 3D environment represented by BIM3DSG (see table 3.1),
the model is required to interpret and query data based on a user's natural language
report. Speci cally, it must identify defect nodes and room nodes that match the
user's description. The input graph contains 579 nodes in total, making the correct
identi cation of relevant nodes hard. Since a human would nd searching through
such a large dataset time-consuming and challenging, | label the complexity of this
task as high.

. Robot Selector (Evaluation of LLM's Simple Multi-Reasoning)

The robot selector module tests the LLM's capacity for simple multi-reasoning,
including basic semantic understanding, and database queries related to a limited
set of maintenance robots. Given a set of 10 robots (e.g. a cleaning bot, a disinfecting
bot, or a multi-task bot), the model must determine which robot is most suitable
for a given maintenance task. Additionally, it must consider a simple dimensional
comparison between a defect's location and a robot's maximum reachable height.



Since the search space is limited and relatively straightforward, the complexity of
this task is low.

3. Navigation Planner (Evaluation of LLM's Path Planning)

The navigation planner module evaluates the LLM's ability to perform path-planning
tasks. This involves distance calculations and understanding spatial connections
within the scene graph. As shown in table 3.1, there are 62 room nodes, and the
model must identify the shortest path among them. To navigate such complex
building environments, graph searching algorithms like A* or Dijkstra's are essential
for ef cient path planning. Therefore, | determined this task to be high complexity
because of these challenges.

4. Scanning Planner (Evaluation of LLM's Dimensional Reasoning)

The scanning planner module evaluates the LLM's dimensional reasoning capabili-
ties. Using the provided building element coordinates and size data of a room, the
task involves calculating the optimal scanning position and orientation. This requires
reconstructing the 3D environment based on the given data, ensuring a certain
distance is maintained from the defect location, and making sure the defect area is
within the camera's FOV while also considering angles and surface normals. Due to
these complexities, which can be challenging even for humans, the complexity level
is classi ed as Very High.

5. Task Planner (Evaluation of LLM's Building Maintenance Domain Knowledge)
The task planner module tests the LLM's building maintenance domain knowledge.
Given a user report describing a particular defect scenario, the model must generate
a plausible sequence of maintenance actions that re ect a sensible, human-like
understanding of the required steps. Although not as extensive as the semantic
searcher or navigation planner in terms of data size and complexity, this module still
demands domain-speci ¢ reasoning, which | classify as mid in complexity.

3.4.2 Evaluation Classi cation and Criteria

To evaluate the modules based on their different inputs, | classify them into two types:
(1) Semantic Modules and (2) Computational Modules as shown in g. 3.8. Semantic
Modules include modules that require semantic interpretation of a user's report in natural
language to perform their task, such as Semantic Searcher, Robot Selector, and Task
Planner. To evaluate these Semantic Modules, | tested them with different semantic types
of user reports in their module testing. For Computational Modules, including Navigation
Planner and Scanning Planner, which only require computational calculation and do not
process semantic information such as user reports, | performed quantitative evaluations
and visualized their results in 2D and 3D virtual environments.

Both Semantic Modules and Computational Modules were tested with various use cases.
For the Semantic Modules, the Semantic Searcher module was evaluated by categorizing
user queries into simple searches without spatial reasoning and more complex searches



Figure 3.8: Module Evaluation Classi cation

involving spatial reasoning, following the evaluation criteria proposed by SayPlan, a pioneer
researcher of LLM-based semantic searchers with 3D scene graphs (Rana et al., 2023).
Since both the Robot Selector and Robot Task Planner modules must interpret the user's
repair requests, they were tested with direct requests, indirect requests, and multiple
requests.

For the Computational Modules, quantitative evaluations were conducted to assess their
performance across various conditions. In the case of the Navigation Planner, tests were
conducted according to node distance. Here, node distance refers to the shortest path
represented as a room-door-room sequence, where a path passing through one door
is considered to have a node distance of 1, and a path passing through two doors is
considered to have a node distance of 2. This distinction was made based on initial test
results indicating performance variations of the LLM depending on node distance. For the
Scanning Planner, it was dif cult to implement an automated algorithm for quantitative
evaluation, so the results were visualized in three dimensions for each scanning target
object (e.g., wall, ceiling, oor) and manually inspected by humans.

As mentioned in section 3.4.1, due to the lack of temperature API control in ol-preview
and the corresponding use of default temperature value 1, All modules were tested to
up to ve attempts per test case. If a given task was successfully completed on the rst
attempt, the result was marked with an "O". If it succeeded within ve attempts, a " 4 " was
recorded along with the trial number on which it succeeded, and if it did not succeed within
ve attempts, it was marked with an "X". De nitions of success, intermediate success, and



failure were established individually for each module, re ecting differences in their testing
objectives and con gurations.

3.4.2.1 Ground Truth Criteria

Different ground truth criteria were established to evaluate each module's performance. To
assess various use cases systematically, | implemented a hardcoded evaluation framework
that required appropriate ground truth data for generating quantitative results. For the
semantic searcher and robot selector modules that handle ID selection tasks, | manually
annotated the correct IDs for each use case. Similarly, for robot action sequences, |
manually created optimal action sequences as ground truth for each use case and eval-
uated the system's output by comparing them, and carefully annotating the results of
executable plans. In assessing the navigation planner, | compared its generated paths
against the optimal path computed by the A* algorithm and conducted a qualitative assess-
ment through visualization. The scanning planning module presented a unique challenge,
as pre-de ning exact positions and orientations for all scenarios was impractical. To

address this limitation, | employed a visualization-based qualitative assessment approach
to evaluate the effectiveness of scanning strategies and their outcomes.

3.5 Visualization

This section introduces the visualization tools developed for the Navigation Planner and
Scanning Planner. These modules are important for demonstrating the spatial and
dimensional reasoning capabilities of LLMs. However, assessing the quality of these plans
is challenging, as simple numerical metrics often fail to fully capture their effectiveness. For
instance, in navigation planning, a proposed path may not be optimal but still executable,
and visualization helps analyze details such as where hallucinations occur in complex
spatial con gurations. Similarly, evaluating the scanning planner involves understanding
how well the scanning positions and orientations cover the defect area and whether
they are optimal. Qualitative evaluation of these aspects is dif cult, making visualization
essential.

These visualization tools were designed to display planned paths and scanning position-
s/orientations, enabling qualitative and quantitative assessment. The developed tools
provide the following features:

- Navigation Path Visualizer. Displays planned navigation paths and scanning
positions, enabling both qualitative and quantitative assessments. Navigation paths
are represented as graphs using NetworkX and overlaid on a 2D top-view plan
of the 3D environment with Matplotlib, highlighting the starting point, destination,
intermediate doors, and target objects, as shown in g. 3.9a.



- Scanning Planner Visualizer:  Visualizes the scanning position, orientation, and
coverage area within a 3D environment using the Plotly library, while highlighting the
defect object in the room, as shown in g. 3.9b.

(a) Example visualization of navi-
gation plan (b) Example visualization of scanning plan



Chapter 4

Results

This chapter evaluates the proposed framework's performance across individual modules
and the end-to-end pipeline including all modules. Tests were conducted on the semantic
searcher, robot selector, task planner, navigation planner, and scanning planner using
two different LLMs: GPT-40 and ol-preview. Section 4.1 presents the evaluation of
individual modules, detailing the performance of semantic and computational modules,
along with the detailed criteria for success, failure, and intermediate success for each
module. Section 4.2 describes end-to-end tests conducted across ve representative
use cases, demonstrating how the modules perform together under varying conditions.
Section 4.3 provides a qualitative analysis of the computational modules, utilizing 2D
and 3D visualizations to assess results that cannot be fully captured through quantitative
metrics. Finally, Section 4.4 summarizes the key ndings and overall performance trends
observed throughout the evaluation.

4.1 Module Results

This section shows the evaluation results for each module. The assessment includes three
categories: (1) Success (0), (2) Failure (X), and (3) Intermediate Success (4 ). Success
is marked when the module completes the task at the rst trial. Failure occurs when the
module cannot complete the task within the maximum, number of trials ( ve attempts).
Intermediate success is noted when the module succeeds partially or fully within those
ve attempts with annotation of the trial number at which the module succeeded. The
symbols used are:

- O: Success on the rst attempt.

- 4 . Intermediate success within ve attempts, with the successful trial number
indicated.

- X: Failure to complete the task within ve attempts.

41.1 Semantic Modules

As described in section 3.4.2, the semantic modules include the semantic searcher, robot
selector, and task planner, all of which interpret user defect descriptions using semantic
reasoning. The semantic searcher is evaluated with both simple and complex queries,
while the robot selector and task planner are tested using direct, indirect, and multiple
requests.
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4.1.1.1 Semantic Searcher

The semantic searcher was tested using 20 user descriptions, categorized into simple and
complex queries, as shown in table 4.1 and table 4.2. The symbol "O" is used when the
module immediately nds the correct node in one attempt. If the module fails on the rst

attempt but succeeds within ve attempts, the result is marked with " 4 ", along with the
trial number of success. If the module fails to identify the correct node within ve attempts,
the result is marked "X".

With GPT-40 as the base model, simple node searches, where no complex spatial reason-
ing is required, often succeeded on the rst try, as shown in table 4.1. However, when the

user request involved detailed attributes (e.g., type, location, size), the model sometimes
did not succeed on the rst attempt and showed mild hallucinations. For multiple-node

queries, success often came around the fourth attempt, indicating more dif culty than

with single-attribute queries. For complex node searches requiring spatial reasoning,
performance decreased, as shown in table 4.2. The GPT-40 model succeeded on certain
tasks, such as nding the largest door, but struggled with proximity reasoning, connections

between rooms, relative positions (left/right), and inferring defect nodes indirectly. The
model also failed when multiple types of reasoning were combined.

By contrast, the ol-preview model succeeded in these previously challenging cases on
the rst attempt, demonstrating stronger reasoning abilities. However, it required more
computation time and cost per attempt.

4.1.1.2 Robot Selector

The robot selector faced relatively low task complexity. | tested the module with 15
different user descriptions categorized into direct robot requests, indirect speci cations,
multiple task requests, and height-based robot selections. In all 15 tests, it successfully
identi ed the correct robot. When multiple candidate robots with similar capabilities were
presented, it showed light hallucination even when the prompt instructed the model to
choose the lower-cost option. Initially, the GPT-40 model selected the more capable robot
rst, choosing the lower-cost robot on the second attempt. In contrast, the ol-preview
model selected the lower-cost robot on the rst attempt, as shown in table 4.3.

4.1.1.3 Robot Task Planner

The robot task planner module, which has mid-level complexity, performed well on direct,
indirect, and multiple-task requests by proposing a proper action sequence. In a trash-
collection mission, for example, the GPT-40 model occasionally omitted an action (e.qg.,
not loading a gripper) on the rst attempt, but generated the correct answer on the second

attempt. For multiple-task planning, although the suggested sequence was sometimes not
perfectly ordered, it remained executable and was therefore considered an intermediate



success. The ol-preview model generated the correct answer immediately, whereas the
base model showed hallucinations on its rst attempt, as shown in table 4.4.

Table 4.1: Evaluation Results of the Semantic Searcher with Simple Queries

Semantic User Description Trial GPT-40  Trial ol-
Type preview
Search by ID The wall with ID 1116 has a 1 ot

crack.
Search by The wall with window ID 4055 1 o]

child node ID  needs to be painted.

Search by type The ceiling inroom ID 32is 2 47 1 0
damaged.
Search by The object located at 2 4 1 o]
location [-26.1239, -7.47, 1.85] has a
crack.
Search by size The ceiling with the size 2 4 1 o]
[9.799, 23.86, 0.0] has a
crack.
Search by The wall that has a window 1 o]
parent-child has a crack in room 11.
Search by The wall with 8 doors in the 1 0
parent-child room ID 6 needs to be
painted.
Negation The wall that doesn't have 1 0
condition any windows or doors in the

room ID 12 has a crack.

Combined The wall with two windows in 1 0
conditions the room located at [-5.15925,
-33.5286, 7.85] needs
repainting.
Multiple nodes The doors inroom ID 8 need 4 4 1 0

to be cleaned.

1 Success at the rst attempt
2 Intermediate Success within ve attempts



Table 4.2: Evaluation Results of the Semantic Searcher with Complex Queries

Semantic User Description Trial GPT-40  Trial ol-
Type preview
Dimension The largest door in the room 1 ot
reasoning ID 9 is damaged.
Proximity The wall in room ID 18 3 472 1 )
reasoning closest to the boundary with

room ID 19 has a crack.
Connection The door in room ID 42 that 3 4 1 0
reasoning connects to room ID 41

needs cleaning.
Orientation The wall located on the north 4 4 1 o]
reasoning side in room ID 40 has mold.
Relative The wall to the immediate left 5 x3 1 )
position after entering through door ID

5059 in room ID 39 has

graf ti.
Semantic There seems to be water 5 X 1 0
reasoning dripping from above in room

ID 7, which may indicate a

crack.
Semantic It feels like cold air is coming 5 X 1 0
reasoning from outside in the room ID

42.
Dimension + The most northern door inthe 5 X 1 o]
Orientation largest room is jammed.
Semantic + Among the rooms with at 5 X 1 0
Dimension least one door and one

window, the window in the

smallest room needs to be

cleaned.
Orientation + The wall with one window in 5 X 1 o]

Semantic

the room directly to the right
of the entrance to room ID 26
has a crack.

! Success at the rst attempt
2 Intermediate Success within ve attempts
3 Failure after ve attempts



Table 4.3: Evaluation Results of the Robot Selector

Type Semantic User Description Trial GPT-40  Trial ol-
Type preview
Direct Cleaning The oor needs to be 1 o'
wiped with cleaning
solution.
Disinfecting The door handle needs 1 o]
to be disinfected.
Painting The wall needs to be 2 472 1 o]
(low cost) painted.
Repair The crack on the wall 1 o]
needs to be lled.
Trash The trashes on the oor 1 0
Collection need to be collected.
Indirect Cleaning | dropped coffee on the 1 o]
oor.
Disinfecting The door handle is 1 o]
contaminated with
germs.
Painting There is a graf ti on the 2 4 1 o]
(low cost) wall.
Repair There is a crack on the 1 o]
wall.
Trash There are trashes on 1 o]
Collection the oor.
Height- Repair The crack on the ceiling 1 o]
based needs to be lled.
Painting The ceiling needs to be 1 o]
painted.
Multiple Repair & The wall needs to be 1 o]
Tasks Painting lled and painted.
Trash The trash on the oor 1 o]
Collection needs to be collected
& Painting  and then the wall needs
to be painted.
Cleaning & All windows in the room 1 o]
Disinfecting need to be cleaned and

disinfected.

! Success at the rst attempt
2 Intermediate Success within ve attempts



Table 4.4;

Evaluation Results of the Robot Task Planner

Type Semantic Description Trial  GPT-40  Trial ol-
Type preview
Direct Cleaning The oor needs to be 1 o'
wiped with cleaning
solution.
Disinfecting The door handle needs 1 o]
to be disinfected.
Painting The wall needs to be 1 o]
(low cost) painted.
Repair The crack on the wall 1 o]
needs to be lled.
Trash The trashes on the oor 1 o]
Collection need to be collected.
Indirect Cleaning | dropped coffee on the 1 0
oor.
Disinfecting The door handle is 1 0
contaminated with
germs.
Painting There is a graf ti on the 1 o]
(low cost) wall.
Repair There is a crack on the 1 o]
wall.
Trash There are trashes on 2 47 1 )
Collection the oor.
Height- Repair The crack on the ceiling 1 o]
based needs to be lled.
Painting The ceiling needs to be 1 o]
painted.
Multiple Repair & The wall needs to be 1 o]
Tasks Painting lled and painted.
Trash The trash on the oor 2 4 1 o]
Collection needs to be collected
& Painting and then the wall needs
to be painted.
Cleaning & All windows in the room 1 o]
Disinfecting need to be cleaned and

disinfected.

1 Success at the rst attempt
2 Intermediate Success within ve attempts



4.1.2 Computational Modules

As described in section 3.4.2, the computational modules comprise the navigation planner
and the scanning planner. These modules primarily rely on numerical data rather than
semantic information. The navigation planner is evaluated with different node distances
(i.e., the number of doors the robot must pass), ranging from one to ten. The scanning
planner is tested on various target objects such as walls, ceilings, oors, doors, and

windows. To support detailed qualitative analysis, their results are visualized in 2D and 3D.

4.1.2.1 Navigation Planner

The navigation planner represents a high-complexity module. Its complexity increases
with the required path length, which is de ned by node distance, which is the number of
doors that must be passed through. For paths passing through one to three doors, the
GPT-40 model generated optimal paths on the rst attempt. For four- to ve-door paths,

hallucinations appeared, but the model still succeeded within ve attempts. For paths
requiring passing through six to ten doors, the model failed within ve attempts. The o01-
preview model produced correct paths on the rst attempt even for paths passing through
six to ten doors, demonstrating superior spatial reasoning but at a higher computational
cost and time, as shown in table 4.5.

Table 4.5: Evaluation Results of the Navigation Planner

Node Distance Trial GPT-40 Trial ol-preview
1 1 ot 1 0
2 1 o] 1 o]
3 1 1 o]
4 2 42 1 o
5 3 4 1 0
6 5 x3 1 0
7 5 X 1 o]
8 5 X 1 o]
9 5 X 1 0
10 5 X 1 0

1 Success at the rst attempt
2 Intermediate Success within ve attempts
3 Failure after ve attempts

4.1.2.2 Scanning Planner

The scanning planner was tested with objects in the same room, such as oors, ceilings,
walls, windows, and doors, with FOV of 90 degrees. The GPT-40 model rarely produced



an optimal scanning plan, but it suggested partially feasible plans. For planar surfaces
(oor, ceiling, wall), orientation predictions were accurate, but the suggested positions
for those objects often partially covered the defect's area. For objects like windows and
doors, the base model, GPT-40, did not provide optimal positions or orientations, yet still
suggested partially effective solutions. On the other hand, The ol-preview model gave
optimal scanning plans for ceilings, walls, and windows regarding position, orientation,
and coverage. However, for oors, it failed on the rst two attempts, and only on the third
attempt did it propose a limited but workable solution. For doors located between two
spaces, the model suggested scanning positions from another room, even though the
prompt instructed it to propose a plan within the same room, as shown in table 4.6.

Table 4.6: Evaluation Results of the Scanning Planner

Model Target Trial Position Orientation Coverage
Object
GPT-40 Floor 1 42 ot 4
Ceiling 1 4 o]
Wall 1 4 0 4
Window 1 4
Door 1 4
0l-preview Floor 3 4
Ceiling 1 o] 0 0
Wall 1 o] 0 o]
Window 1 o] o] 0
Door 2 4 4 4

1 Successfully Predict the optimal scanning parameter
2 Suggests a partially feasible scanning parameter

4.2 End-to-End Results

For the end-to-end evaluation, ve representative use cases were tested to assess the
full pipeline. Both GPT-40 and ol-preview models were tested once for each scenario. If
the initial attempt did not yield a feasible solution, the result was marked as intermediate
(4 ). For simpler, direct requests, the GPT-40 model succeeded in all modules except
the scanning planner. As queries became more complex, or as navigation paths grew
longer, the GPT-40 model showed higher hallucination rates. When the semantic module
failed to identify the correct node, the subsequent navigation and scanning planners
also failed due to incorrect room information. The ol-preview model handled these
complex node searches and navigation planning better than the GPT-40 model. However,
it did not always provide optimal scanning positions. In multiple-object scanning tasks, it
occasionally proposed a scanning plan for only a single element rather than all required
elements, as shown in table 4.7.
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4.3 Visualization Analysis

As explained in section 3.5, quantitative metrics alone are insuf cient for evaluating the
navigation and scanning planners. Their outputs often involve spatial reasoning and
coverage patterns that cannot be fully captured by numerical data. To address this, custom
visualization tools were developed, allowing for a more qualitative examination of the
computational modules' performance.

4.3.1 Navigation Plans

As shown in g. 4.1, the GPT-40 model successfully generated optimal paths for node
distances of up to 3 on the rst attempt. For these shorter paths, the model consistently
predicted the correct sequence of rooms and doors, demonstrating strong performance in
simple navigation tasks.

However, starting from node distances of 4 to 5, the model began to exhibit hallucinations.
While it often predicted the initial segments correctly, it occasionally deviated from the
optimal route, introducing errors in the later parts of the path. This trend became more
pronounced as the node distance increased. For node distances of 6 and beyond, GPT-40
failed to generate successful paths within the maximum of ve attempts. Although the

model accurately identi ed the starting and ending points, it frequently skipped intermedi-
ate nodes, jumping directly to the nal destination. This resulted in incomplete paths that

were not viable for practical navigation tasks.

In contrast, the ol-preview model consistently produced correct paths across all tested
node distances. It maintained accuracy even for distances of six to ten, suggesting stronger
spatial reasoning and multi-step planning capabilities.

Overall, while GPT-40 performs well for shorter paths, its reliability decreases with more
complex navigation tasks, making ol-preview the more suitable choice for longer routes
and intricate environments.

4.3.2 Scanning Plans

As shown in g. 4.3 and g. 4.4, there are differences in the dimensional reasoning and
scanning coverage between the GPT-40 and ol-preview models. When scanning basic
building components such as walls, ceilings, and oors, GPT-40 generally predicts the
correct orientation for scanning but fails to achieve full coverage of the target surface. This
often results in partial scans that leave certain areas unaddressed, leading to assessments
of intermediate success (4 ) in performance evaluations.

In contrast, the ol-preview model demonstrates stronger spatial and dimensional rea-
soning. It suggests scanning positions that are well-aligned with the room's dimensions,
ensuring broader coverage of the target surfaces. For example, as illustrated in g. 4.3(d),



the ol-preview model's scanning orientation, while not perfectly optimal, manages to
capture a larger portion of the surface compared to GPT-40. This highlights the o1-preview
model's ability to prioritize maximizing coverage even when the exact scanning angle
deviates slightly from the ideal. However, in the case of wall scanning with the same
surface area, the ol-preview model did not propose a position that ensures maximum
coverage. Instead, it suggested an optimal orientation that achieves the highest possible
coverage within the constraints of that orientation.

When scanning building components like doors and windows, both models occasionally
display hallucinations or generate suboptimal plans. For instance, in scenarios involving
doors that connect two rooms, GPT-40 often proposes partially feasible plans that lack
precision. The ol-preview model, while generally more accurate, sometimes suggests
scanning from an adjacent room instead of the designated one. This happened even
though the prompt explicitly instructed the model to propose a scanning position within the
room containing the defect.

Similarly, when tasked with scanning windows, GPT-40's plans tend to be limited in scope,
frequently neglecting corners or edges. The ol-preview model performs signi cantly better
in this regard, producing near-optimal scanning plans that capture the majority of the
window area. However, in some cases, small portions, particularly in corner areas, remain
unscanned, indicating room for further improvement even in the stronger model.

Overall, the comparison highlights the strengths of the o1-preview model in generating
more comprehensive scanning plans for both primary and secondary building components.
However, both models still encounter occasional challenges, particularly when handling
objects that span multiple spaces or require precise boundary recognition.



(a) node distance 2 (b) node distance 4

(c) node distance 6 (d) node distance 10

Figure 4.1: The paths generated by GPT-40 with different node distances



(a) node distance 2 (b) node distance 4

(c) node distance 6 (d) node distance 10

Figure 4.2: The paths generated by ol1-preview with different node distances
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