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Abstract

Infrastructure lifecycle management requires interactions
with dynamic datasets. Traditional interfaces often hinder
users’ ability to rapidly locate lifecycle-specific informa-
tion they need. Our work proposes ChatTwin, a system that
employs Large Language Models (LLMs) to enable natural
language queries related to various lifecycle stages of in-
frastructure, with a focus on operations and maintenance.
Simulated scenarios were constructed to test the system.
The results demonstrate that the system can effectively cat-
egorise interactions, fetch relevant information, and pro-
duce human-friendly outputs. With this LLM-based ap-
proach, we present an improvement in user-centricity in
infrastructure lifecycle management, streamlining interac-
tions and decision-making throughout the entire infras-
tructure lifecycle.

Introduction

Modern infrastructure systems are becoming increasingly
complex and interconnected, posing significant challenges
in their lifecycle management (Grafius et al.,|2020). Deci-
sions made throughout their lifecycles require considera-
tion of large amounts of data from various sources. Digital
twins have emerged as promising tools to overcome these
challenges. They are virtual replicas of physical entities
or systems, offering integrated data platforms that enable
stakeholders to gain an enriched understanding of infras-
tructure’s behaviour, to optimise maintenance and opera-
tion activities, and more (Broo et al.,2022; Rudskoy et al.}
2021). Digital twins typically consist of three elements:
a physical space where the actual object resides, a digital
space that hosts the virtual model, and a connection that
facilitates synchronisation and real-time feedback between
the two spaces (Barricelli et al.| 2019). However, the cur-
rent human-information interaction paradigms with digital
twins remain unintuitive, leading to a steep learning curve
and significant investment in training. UK employers in-
vest around £42 billion in training their employees each
year, equivalent to an average spend of £2,540 per trainee
(Winterbotham et al., [2020). However, even after exten-
sive training, employees can still find it difficult and time-
consuming to find the information they need, with employ-
ees spending approximately 9.3 hours weekly just sourcing
information (Chui et al., 2012). Therefore, the need for
more accessible, intuitive interaction methods is clear.

Background
Human-information interaction with digital twins

The interaction between users and digital twins plays a
crucial role in leveraging the full potential of these com-
plex and dynamic digital twins. Despite their potential, the
current interaction modes between users and digital twins,
particularly the mode of natural language interaction, re-
main underdeveloped. For example, [Pairet et al.| (2019)
present a natural language interface designed for interac-
tions with a digital twin of an offshore platform, facilitat-
ing user training across various human-robot collaboration
scenarios, but without any results or implementation de-
tails. [Dingli and Haddod|(2019) propose a human interface
of an Intelligent Digital Twin system for a semiconduc-
tor manufacturing plant, utilising three different modali-
ties: hand gestures, a VR controller, and a voice interac-
tion system. However, no results have been obtained for
the performance of the system. |Siyaev et al.| (2023) in-
troduce a neuro-symbolic reasoning mechanism to inter-
act with a virtual aircraft maintenance digital twin con-
structed from structured manuals using natural language,
which requires a special symbolic vocabulary and a neuro-
symbolic dataset of queries to work. Furthermore, to the
best of the authors’ knowledge, there is no work on the nat-
ural language interactions with infrastructure digital twins.

Prompting pre-trained large language models

By enabling users to interact with computer systems using
their native language, natural language interactions offer
a seamless and accessible interaction experience, partic-
ularly for users with limited technical expertise or back-
ground knowledge in computing (Pazos R. et al.l 2013).
Recent advancements in natural language processing, es-
pecially the emergence of LLMs, have made it possible to
develop more sophisticated and context-aware natural lan-
guage interaction systems (Wei et al., [2022). Unlike tra-
ditional language models, which need to be fine-tuned or
even re-trained on specific datasets tailored for individual
tasks, LLMs have demonstrated strong in-context learn-
ing abilities. This means that they can effectively adapt to
new scenarios and perform different tasks by only includ-
ing a few task-specific input-output examples in the input
prompt. This innovative technique is known as “few-shot
prompting” (Brown et al., 2020). With few-shot prompt-



ing, LLMs can potentially be used for diverse natural lan-
guage interaction tasks without the need for task-specific
models or training datasets. Moreover, LLMs have also
demonstrated the ability to perform tasks through “one-
shot learning” or even “zero-shot learning” (Kojima et al.|
2023). The former involves the LLM accomplishing tasks
with just a single input-output example. The latter refers to
LLMs handling specific tasks with no examples provided,
relying solely on task descriptions in natural language.

While few-shot prompting, one-shot prompting, and even
zero-shot prompting have demonstrated competitive per-
formance on various NLP tasks like question-answering
or translation (Brown et al.| [2020), it has been observed
that for complex reasoning and numerical tasks, LLMs
may not always provide accurate answers. A widely
adopted approach to address this challenge is “chain-of-
thought” prompting. This approach provides chain-of-
thought demonstrations in prompts to guide the LLM in
generating a series of intermediate reasoning steps for a
given task. This technique has proven to significantly im-
prove LLM performance on tasks involving intricate rea-
soning or numerical skills (Wei et al., 2023)).

To further enhance the performance of LLMs, some more
advanced prompting techniques have also been proposed.
For example, “Program-Aided Language models” (PAL)
improve LLM performance in arithmetic and symbolic
reasoning tasks (Gao et al.,2023). PAL employs the LLM
to read and understand natural language problems, gener-
ating programs as intermediate reasoning steps based on
the problem description. Unlike other methods, PAL of-
floads the solution step to a runtime, such as a Python in-
terpreter. This allows the LLM to focus solely on decom-
posing the problem into executable steps.

Gaps in knowledge, objectives & research questions
The gaps in knowledge can be summarised as follows:

1. Domain-Specific Knowledge: LLMs lack specialised
domain knowledge related to infrastructure digital
twins and infrastructure lifecycle management. This
includes domain-specific processes, the specialised
knowledge and contextual understanding required to
effectively communicate with and interpret informa-
tion from digital twins, and more.

2. Contextual Information Retrieval: Integrating LLMs
with digital twins requires retrieval of relevant infor-
mation from the digital twin itself. LLMs must be
equipped to comprehend the underlying data struc-
ture and extract meaningful information and insights
from the digital twin’s vast repository of information.

3. Effective Prompt Structures: The structuring of
prompts plays a pivotal role in guiding LLMs to gen-
erate accurate and useful outputs. Understanding how
to design prompts that effectively convey the context
of a specific query is still an open question to be an-

swered.

4. Usability and Interpretability: Ensuring that LLM-
driven interactions with digital twins are not only ac-
curate but also interpretable is critical. Gaining in-
sights into how to post-process LLM outputs to ex-
tract valuable information in a user-friendly format is
another key aspect to explore.

The primary objective of this project is to enhance human-
information interaction with infrastructure digital twins by
leveraging LLMs for natural language interactions, con-
tributing to the development of more efficient, accurate,
and domain-aware LLM-driven interactions with infras-
tructure digital twins. With this primary objective in mind,
the subsequent research questions have been formulated:

1. What specific techniques can be employed to retrieve
relevant information from the digital twin?

2. How can prompts be optimised to ensure that LLMs
generate outputs that not only align with the specific
requirements of the stakeholder but also maintain a
consistent level of accuracy? Moreover, how can
the retrieved data be presented to the LLMs within
the prompts, ensuring that the LLM understands the
broader scenario, background, or situation in which
the information is embedded, leading to accurate and
context-aware responses?

3. What specific procedures or tools can be employed to
most effectively present data or insights to generate
tangible value for infrastructure management stake-
holders?

Proposed Solution
Scope

This paper focuses on investigating how LLMs can en-
hance interactions with infrastructure digital twins, en-
abling them to offer information and insights, and perform
certain actions on behalf of users via natural language in-
teractions. This paper prioritises the following five com-
mon interaction tasks, using a road digital twin as a case
study. Road digital twins are comprehensive virtual mod-
els of road systems that replicate their physical counter-
parts in real-time. These models integrate various data
sources to create a dynamic simulation of the road net-
work. This allows for enhanced real-time monitoring, pre-
dictive maintenance, and strategic planning (Marai et al.,
2021). Although our solution is demonstrated on road net-
works, it is designed to be adaptable to other infrastructure
systems with minimal modifications.

Task 1: Data visualisation

One of the primary functions of road digital twins is in-
tegrating data from multiple sources, such as time-series
data from meteorological and traffic sensors. Our first



goal is to enable users to generate and view visualisations
of such time-series data through natural language interac-
tions, enabling them to gain a more intuitive view of the
complex information patterns within such data.

Task 2: Information summarisation

Navigating through the vast datasets of a road digital twin
to extract pertinent information is often cumbersome and
time-consuming. Our system aims to simplify this by sum-
marising key data, like road defect details, in response to
user queries in natural language.

Task 3: Performing changes

A frequent and critical interaction with road digital twins is
the implementation of changes to the properties of specific
instances. This includes, for example, changing the status
of a defect from “scheduled to fix” to “fixed” after a repair
with a natural language prompt.

Task 4: Model visualisation

Accessing and visualising models, such as point clouds, is
another routine task for road digital twin users. This typ-
ically involves locating specific files and using dedicated
tools. We propose to simplify this process using natural
language interaction, enabling users to request visualisa-
tions of model sections through simple prompts, enhanc-
ing user experience and information access efficiency.

Task 5: Work schedule enquiry

Another commonly performed task for infrastructure digi-
tal twins is generating and visualising work schedules. Our
work aims to automate these tasks, traditionally a manual
and laborious task, through natural language interactions.
This automation will facilitate more frequent and accurate
schedule adjustments and updates, improving productivity
and reducing unnecessary costs associated with outdated
schedules.

However, due to the data availability of the demonstrative
digital twin, only summarisations of defect information are
included in the scope of Task 2, and the scope of Task 5 is
only limited to inquiries concerning work schedules of de-
fect rectifications. In addition, this work limits its scope
of Task 3 only to property modifications due to their reg-
ularity and natural language compatibility. More complex
modifications, such as geometrical alterations or adding
new instances, often require assistance from specialised
equipment like laser scanners and are thus excluded.

Details

This section outlines the step-by-step process of the pro-
posed solution that enables the user to interact with the

infrastructure digital twin using natural language prompts.
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Figure 1: Step 1 - User initiating request

In step 1, as illustrated in Figure [I] above, the user initi-
ates the interaction process by providing a natural language
prompt that describes their query or request. Such prompts
could either instruct the system to perform specific actions
on the digital twin, or request specific data visualisations
or summaries.

Large Language Model

Examples Database

ChatTwin

Road Digital Twin

Figure 2: Step 2 - Requesting and receiving relevant data from
the Road Digital Twin & Examples Database

In step 2, upon receiving the user’s input, the system de-
termines which task category this user prompt belongs to.
This categorisation result will determine the subsequent
actions of the system. This is done by sending a pre-
structured prompt to the LLM. The structure of this prompt
can be found in appendix ‘“Prompt for categorising tasks”.
Depending on the task category, the system fetches rele-
vant data from the digital twin and the examples database
(as shown in Figure 2]above). Each task category dictates
a unique retrieval process. Further details on the data re-
trieval process can be found in the “Results & findings
summary” section. This aims to solve the first research
question, so that relevant data can be correctly retrieved
from the digital twin for each of the task categories.
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Figure 3: Step 3 - Pre-processing and sending modified prompt
to LLM



In step 3 (as shown in Figureabove), the relevant data and
examples retrieved from the digital twin and the examples
database are combined with the user prompt to generate
a modified prompt, which is then sent to the LLM. The
modified prompt is generated by collating the user’s orig-
inal prompt, the relevant data from the digital twin (if re-
quired), and the relevant few-shot training examples from
the examples database into a structured prompt. An illus-
trative example is provided in Figure [§]in the appendix.
The prompt starts with one or a few few-shot training ex-
ample(s) retrieved from the examples database. Each ex-
ample consists of the relevant data retrieved from the dig-
ital twin (if applicable), the user prompt, and the expected
task-specific output from the LLM. Additional examples
are appended to the end of the previous ones. The second
part of the prompt is the relevant data retrieved from the
digital twin (if required), and the final part of the prompt
is the user’s original prompt. The modified prompt is
then sent as input into the LLM. This aims to solve the
second research question. The examples from the exam-
ples database provide the LLM with essential information
about the data it works with. This includes but is not lim-
ited to the nature of the data, its structure, and the meth-
ods to access it. By illustrating this with sample outputs
for typical user query inputs, the LLM gains a better un-
derstanding of both the data and its context, enabling it to
produce more accurate results. In addition, the examples
also act as guides for the LLM to ensure that its responses
meet the specific needs and standards of different users and
situations. This helps in maintaining the relevance and ac-
curacy of the LLM’s outputs.

One exception is that for model visualisation tasks, a dis-
tinct prompt structure is used to determine whether the
requested point cloud data is available within the digital
twin, and retrieve the requested point cloud data file if it is
available. This prompt structure can be found in appendix
“Prompt to retrieve point cloud data”.
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Figure 4: Step 4 - Receiving and post-processing output from
LIM
In step 4, as shown in Figure [4] above, an output is re-
ceived from the LLM, which contains either actionable
commands for the digital twin, machine-readable informa-
tion on the requested information, or a natural language
summary of the information requested by the user.

The commands are generated in the form of Python scripts
with embedded comments that contain chain-of-thought

information. The inclusion of comments helps improve
the quality and readability of the generated commands.
For tasks where the system is asked to perform specific
changes to the digital twin, the LLM will also generate
natural language feedback to the user based on the result
of the execution of the Python script. For example, if the
Python script is successfully executed without errors, the
LLM will then provide the user with a “success” message,
confirming that the requested actions have been success-
fully applied to the digital twin.

Otherwise, for example, for information summarisation
tasks, the summary generated by the LLM is directly sent
to the user, or for model visualisation tasks, the output
from the LLM is first analysed - if the output is “Not avail-
able”, the system will output a message indicating that the
requested data is not available within the digital twin, or if
the output is the name of the requested data file, the name
of the file will be passed into a pre-structured Python script
to visualise the requested data. This pre-structured script
can be found in appendix “Python script to visualise point
cloud data”.

This step aims to solve the third research question, so that
the data retrieved from the digital twin can be presented
to the user in an appropriate form using different tools and
procedures, enabling users to quickly gain more value and
insights from the data.

Research Methodology

Our work constructs a demonstrative road digital twin to
evaluate the proposed interaction pipeline. This twin is
populated with four data types: geometric data in point
cloud format, time-series sensor data, defect information,
and recommended maintenance actions.

Data collection and preparation

The geometric point cloud data, representing a specific
road junction in Tallinn, is sourced from the Tallinn City
Digital Twin. Time-series sensor data, simulating the input
from infrastructure sensors, is obtained from the UK Envi-
ronment Agency’s Real Time flood-monitoring API. This
API provides real-time and historical water level and flow
measurement data at each of the monitoring stations across
the UK. This data is indicative of the real-time sensor data
one would expect in a fully operational digital twin. These
sensor data have been integrated with the point cloud data,
maintaining their properties such as names, IDs, and typi-
cal ranges, but changing their location-related properties to
correspond with the geospatial location of the point cloud
data, so that the sensors are essentially embedded” into
the point cloud at certain locations.

The defect information and suggested actions are stored in
text format in a .txt file. The information stored within



the digital twin about each registered defect includes defect
type (e.g. pothole, crack, etc.), defect location (shown as a
kilometre number along a specified road), severity level
(either severe, moderate, or low), and suggested action
based on the severity level (immediate fix for severe de-
fects, schedule fix for moderate severity defects, and mon-
itor progress for low severity defects).

Another component of the system is the examples
database. The examples database contains few-shot train-
ing examples for each task category. However, not ev-
ery example contains all three parts (relevant data, user
query, and expected task-specific output from LLM). In
some cases, no relevant data is retrieved from the digital
twin. Instead, time-series data or geometry data are re-
trieved from the digital twin via Python scripts. Such an
example can be found in appendix “An example for Task 1:
Data visualisation from the examples database”, where the
system is asked to retrieve and visualise time-series data
from a specified monitoring station.

Testing and validation

In order to test and validate the solution proposed in this
work, test cases have been constructed for each type of task
introduced in section “Scope”. One test case has been pro-
posed for each type of task introduced, and the proposed
test cases are summarised below:

1. What is the historical water level at the station “Bour-
ton Dickler” for the last 5 days?

2. Are there currently any defects on the road network?

3. Could you please change the severity level of the de-
fect located at M25 28km to “severe”?

4. Could you please visualise the junction of Vabaduse
viljak and Parnu maantee for me?

5. Could you please generate a work schedule based on
the current status of the road network?

Implementation details

These test cases are first categorised using a structured
prompt (shown in appendix ‘“Prompt for categorising
tasks”). Then, they are processed according to their cat-
egorisation results. More details can be found in the next
section.

The LLM used in this project to generate the results in the
next section is the gpt-3.5-turbo model developed by
OpenAl, and the model is accessed via the OpenAl API
with the openai Python library.

Discussion
Results & findings summary

This section presents a comprehensive overview of the out-
comes and discoveries obtained from the implementation

and evaluation of our proposed natural language interac-
tion system with infrastructure digital twin.

First, the task categorisation results are presented in Table
[Mbelow.

Table 1: Expected categories vs actual categorisation results
for the test cases

Test Expected Categorisation
Case Category Result

1 1 1

2 2 2

3 3 3

4 4 4

5 5 5

It can be seen from Table [Tl above that the LLM is able to
categorise all the test cases correctly.

Then, task-specific results are generated for each of the test
cases. For test case 1, the test prompt, together with the
retrieved example, are compiled according to the prompt
structure introduced in step 3 in section “Details” into an
input into the LLM. Then, the output from the LLM, which
is a piece of Python script with chain-of-thought com-
ments, is executed in a Python interpreter to produce the
visualisation result shown below in Figure 5]
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Figure 5: Visualisation result generated by the system

It can be seen from Figure [5| above that a visualisation of
the requested time-series data has been successfully and
correctly generated.

Then, for test case 2, the test prompt, together with the re-
trieved example and the defect data retrieved from the dig-
ital twin, are concatenated according to the prompt struc-
ture introduced in step 3 in section “Details” into an input
into the LLM. Then, the output from the LLM is presented
below:

[ Yes, I have found a total of 8 defects ]




on the road network. Here is a summary
of the defects:

High Severity Defects:
1. Pothole on M25 at 112km

3. Crack on Al14 at 21km

It is suggested that you prioritize
fixing the high severity defects
immediately, schedule the moderate
severity defects for the next round of
fixing, and monitor the low severity
defects for progress.

The full result is available in appendix “Full result for test
case 2”. It can be seen that the system can retrieve the
relevant data from the digital twin and generate a natural
language summary. Upon cross-checking with the actual
data stored within the digital twin, it was confirmed that the
system retrieved the correct information. This verification
process involved a comparison between the output gener-
ated by the system and the actual defect records within the
digital twin. This consistency validates the reliability of
the data retrieval process implemented by the system.

Next, for test case 3, the test prompt, and the retrieved ex-
ample, are combined according to the prompt structure de-
tailed in step 3 in section “Details” into an input into the
LLM. The output from the LLM is then executed within a
Python interpreter to apply the changes to the digital twin.
The system returned a “success” message, and it was ver-
ified that the requested change had been successfully ap-
plied to the digital twin.

Then, for test case 4, the test prompt, and the point cloud
file(s) retrieved from the digital twin, are collated accord-
ing to the prompt structure in step 3 in section “Details”
into an input into the LLM. Then, the output from the
LLM, which is the name of the requested point cloud file,
is passed into a pre-structured Python script (shown in ap-
pendix “Python script to visualise point cloud data”) to
generate the visualisation shown in Figure 6| below.

Figure 6: Model visualisation generated by the system

It can be seen from Figure[f] that the system is able to cor-
rectly retrieve and visualise the relevant point cloud data
requested by the user.

Finally, for test case 5, the test prompt, together with the
suggested actions retrieved from the digital twin and the
relevant examples, are combined according to the prompt
structure introduced in step 3 of section “Details” into an
input into the LLM. The output from the LLM is then exe-
cuted within a Python interpreter to generate the visualisa-
tion of the work schedule as a Gantt chart, which is shown
in Figure[7]below.
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Figure 7: Work schedule visualisation generated by the system
The assumptions and criteria used here were:

1. Only "severe” and "moderate” defects are included in
the schedule as the suggested action for low-severity
defects is “monitor progress”.

2. Prioritise “severe” defects over “moderate” defects.

3. Within “severe” and “moderate” defects, prioritise
”M” roads over "A” roads.

4. Within ”M” roads and ”A” roads, prioritise roads with
a smaller road number assigned to them.

5. Within each road, schedule the tasks according to the
location of the defects, and work along each road
from the defect with the smallest km number to the
defect with the largest km number.

6. The time for fixing each defect is one day.

These parameters and criteria can be changed easily within
the digital twin and ChatTwin to reflect the real situation.
The assumptions are made purely for demonstration and
to validate the results generated by the system, and do not
reflect any real circumstances in the real world. It can be
seen from Figure[7]above that the system is able to generate
a correct work schedule according to the pre-set criteria
and visualise it as a Gantt chart.

Contributions

Our work presents a novel approach to enhance the human-
information interaction with infrastructure digital twins by
leveraging the capabilities of LLMs, filling gaps in both the
fields of digital twin research and human-computer inter-
action (HCI), as detailed in the following two paragraphs.

First, this work fills the gap in digital twin research by
proposing a systematic approach to structure prompts that
effectively leverage LLMs for generating informative and
contextually relevant outputs with infrastructure digital



twins. This enables the LLMs to perform domain-specific
tasks without the need for extensive fine-tuning. Our work
contributes to the growing field of prompting pre-trained
LLMs, providing some structured templates for structur-
ing prompts that effectively guide the responses of LLMs
within the context of infrastructure digital twins. This
work also presents an empirical evaluation of our LLM-
based interaction system through scenario-based simula-
tions, demonstrating its strengths, limitations, and poten-
tial areas of improvement, offering valuable insights for
researchers and practitioners interested in advancing nat-
ural language interaction with digital twins in the domain
of infrastructure management.

In addition, current infrastructure digital twin research of-
ten emphasises technical aspects. This work primarily en-
hances the interaction layer, bridging the gap between in-
tricate domain-specific data in digital twins and straight-
forward, user-friendly interactions, adding a user-centred
design perspective, and aligning the infrastructure man-
agement domain with foundational HCI principles by fa-
cilitating more intuitive communication with digital twin
systems, further enhancing the capabilities of conventional
digital twin systems. This paves the way for stakeholders
to more effectively engage with digital twin systems for
infrastructure monitoring, control, and decision-making.

Conclusions

The integration of LLMs with infrastructure digital twins
has far-reaching implications for the infrastructure man-
agement domain and beyond. By providing a more ac-
cessible, intuitive and user-friendly interface, LLM-driven
interactions reduce the learning curve required to inter-
act with intricate infrastructure digital twin systems, em-
powering decision-makers at different levels, from engi-
neers to policymakers, with timely and contextually rel-
evant insights. This improved decision-making capabil-
ity, supported by real-time data analysis and predictions
provided by the capabilities of digital twins, can lead to
more informed choices regarding infrastructure manage-
ment, maintenance, and resource allocation.

Recommendations for future

While our research provides valuable insights, some limi-
tations remain. This section lists some potential areas for
further investigation.

Enhancing interaction feedback

While the current system can successfully generate and ex-
ecute Python scripts for requested actions on the digital
twin, future improvements can focus on providing more
comprehensive feedback to users throughout the process
to enhance user engagement and make the interface more
informative. This can involve monitoring the digital twin’s

status during and post-execution, enabling the system to
confirm the successful implementation of user requests or
flag potential issues, thus ensuring the accuracy of per-
formed actions. Users might receive a visual cue for suc-
cessful operations, or a notification detailing any encoun-
tered challenges. This could establish a closed feedback
loop and eliminate ambiguity about action outcomes. Po-
tential research questions could include: How can real-
time feedback during task execution enhance user trust and
system transparency for users of different expertise levels?
What impact does visual or textual feedback have on user
comprehension and satisfaction?

Expanding task categories

While this project addresses the five most common tasks
associated with infrastructure digital twins, there exists
substantial potential to broaden the range of tasks covered
by this approach. Expanding beyond these fundamental
tasks can further improve system applicability. Further-
more, with the ReAct (Yao et al., [2023) approach, there
is also potential to develop a more generally applicable
natural language interaction system. Such a system could
leverage the advanced reasoning capabilities of LLMs to
autonomously deduce steps for various user-initiated ac-
tions beyond pre-defined task categories.

Multi-turn interactions and task clarification

The current focus of the project on single-turn interactions
provides a solid foundation for future research exploring
more complex multi-turn conversations. This expansion
will enable the system to engage in more intricate and dy-
namic interactions with users, improving the adaptability
of the system. This extension is particularly crucial for
addressing scenarios that involve ambiguity and might re-
quire additional clarification. In such cases, the system can
proactively seek clarification from users when faced with
potential misunderstandings to help disambiguate poten-
tially confusing queries. Moreover, multi-turn interactions
could also be leveraged to handle situations where users re-
quire assistance in accurately conveying their intent. With
multi-turn interactions, the system’s ability to interact, in-
terpret, and execute user intents can be significantly en-
hanced, ultimately contributing to a more effective and
user-centric infrastructure management system. Potential
research questions could include: How do multi-turn in-
teractions influence user experience and system accuracy
in complex query scenarios? What methodologies can ef-
fectively disambiguate user queries?

User-centric design evaluation

Future enhancements can be rigorously user-tested in sim-
ulated and controlled real-world scenarios to validate their
effectiveness and user-centricity. This approach will en-
sure that proposed improvements align with actual user



needs and preferences, thereby enhancing the practical ap-
plicability of our findings.

Evaluating performances with different LLMs

OpenATI’s gpt-3.5-turbo model has been used in this
work. In the future, tests can be conducted on other LLMs
(e.g. PaLM, BERT, and Llama) to evaluate and compare
the effectiveness of the system with different LLMs.
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Appendices

Prompt for categorising tasks

Please determine which task category this user prompt belongs to: [user prompt]

Candidate task categories:

Task category 1: Data visualisation

Task description: Tasks where the user asks the system to visualise specific
time-series data

Example user prompt: What is the water level data at the station "Cam" over the past 2
days?

Task category 2: Information summarisation

Task description: Tasks where the user asks the system to find and summarise certain
data or information

Example user prompt: Are there currently any defects on the road network?

Task category 3: Performing changes to digital twin

Task description: Tasks where the user asks the system to change the property value of
a specific instance within the digital twin

Example user prompt: Can you change the status of the defect at M2 112km to fixed?

Task category 4: Model visualisation

Task description: Tasks where the user asks the system to visualise a certain section
of the digital twin model

Example user prompt: Can you show me a visualisation of Regent Street between 5km and
8km?

Task category 5: Work schedule enquiry

Task description: Tasks where the user asks the system to generate/visualise a work
schedule

Example user prompt: Could you generate a work schedule for defect rectification?

Please only respond with the task category number in Arabic number.

Prompt to retrieve point cloud data

The available point cloud data files are:

[the available point cloud data retrieved from the digital twin]

The user's query is: [user query]

Is the point cloud data requested by the user available? If it is available, please
only respond with the name of the corresponding point cloud data file. If it is not
available, please respond with "Not available".




Prompt structure

Info: defect type: pothole

defect location: M3 34km

severity level: severe

suggested action: immediate fix (prioritise)

defect type: crack

defect location: M3 137km
severity level: moderate
suggested action: schedule fix

defect type: pothole

defect location: A20 76km

severity level: low

suggested action: monitor progress

Q: Are there any defects on the road network?

A: | have found in total 3 defects on the road network. Here is a summary of the defects:

High Severity Defects:
1. Pothole on M3 at 34km
It is suggested that you need to prioritise fixing these defects immediately.

Moderate Severity Defects:
1. Crack on M3 at 137km
It is suggested that you should schedule these defects for the next round of fixing.

Low Severity Defects:
1. Pothole on A20 at 76km
It is suggested that these defects should be monitored for progress.

Few-Shot Training Example

Info:

defect type: pothole

L] defect location: M25 112km

severity level: severe

suggested action: immediate fix (prioritise)

Ié

Few-Shot Training Example
defect type: crack

defect location: M25 28km
severity level: moderate
suggested action: schedule fix

Relevant Data

defect type: pothole

User Prompt defect location: A14 54km
severity level: severe

suggested action: immediate fix

. defect type: pothole
Modified prompt defect location: A10 14km
severity level: moderate
suggested action: schedule fix

Q: Are there currently any defects on the road network? %
' @

Figure 8: Prompt structure

Python script to visualise point cloud data

import open3d as 03d

point_cloud_file = response["choices"] [0] ["message"] ["content"]
top_dir = "[path to the top directory of point cloud data files]/{}"
path = top_dir.format(point_cloud_file)
pcd = o03d.io.read_point_cloud(path)
03d.visualization.draw_geometries([pcd],
zoom=0.4012,
front=[0.0902, 0.2108, 0.9734],
lookat=[130.1986, 20.4945, -13.5578],
up=[-0.1271, -0.9669, 0.2211])




An example for Task 1: Data visualisation from the examples database

Q: What is the water level data at the station ”Cam” over the past 2 days?
A:
# To get water level data, we first need to find the list of monitoring stations using
the function build_station_list()
stations = build_station_list()
# Then we need to find station "Cam" from the list and store it in the variable
station_cam
station_name = "Cam"
for station in stations:
if station.name == station_name:

station_cam = station

break
# We then need to fetch the water level data over the past 2 days using the function
fetch_measure_levels
dt = 2
dates, levels = fetch_measure_levels(station_cam.measure_id,
dt=datetime.timedelta(days=dt))
# We can then finally plot the water level data using the function plot_water_levels
plot_water_levels(station, dates, levels)

Full result for test case 2

Yes, I have found a total of 8 defects on the road network. Here is a summary of the
defects:

High Severity Defects:
1. Pothole on M25 at 112km
2. Pothole on A14 at 54km

Moderate Severity Defects:
1. Crack on M25 at 28km

2. Pothole on M11 at 35km
3. Pothole on A10 at 14km

Low Severity Defects:

1. Pothole on M11 at 87km
2. Pothole on M11 at 134km
3. Crack on Al14 at 21km

It is suggested that you prioritize fixing the high severity defects immediately,
schedule the moderate severity defects for the next round of fixing, and monitor the
low severity defects for progress.




