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Select all blue objects.

Make them grey.

Original Scene

Changing table, sofa, vase, … into grey.

Make the carpet leather.

Make the carpet white pattern.

Changing carpet into leather.

Target Scene

Changing carpet into white pattern.

Figure 1: Example workflow for scene editing with our proposed ASSISTVR technique. Left: The user adopts the bulk modification
strategy to select all blue objects in the original scene to modify their appearance together. Middle: The user adopts the incremental
exploration strategy to modify the appearance on individual objects. Right: The final scene matches the target scene of one of the
tasks in our empirical user study.

ABSTRACT

As more applications of large language models (LLMs) for 3D
content in immersive environments emerge, it is crucial to study
user behavior to identify interaction patterns and potential barri-
ers to guide the future design of immersive content creation and
editing systems which involve LLMs. In an empirical user study
with 12 participants, we combine quantitative usage data with post-
experience questionnaire feedback to reveal common interaction
patterns and key barriers in LLM-assisted 3D scene editing systems.
We identify opportunities for improving natural language interfaces
in 3D design tools and propose design recommendations. Through
an empirical study, we demonstrate that LLM-assisted interactive
systems can be used productively in immersive environments.

Index Terms: Virtual reality, large language models, 3D scene
editing.

1 INTRODUCTION

Large Language Models (LLMs) have gained popularity in as-
sisting task completion in immersive environments. LLMs pro-
vide various advantages to improve interaction experience in vir-
tual and augmented reality, such as improving task completion ef-
ficiency [36], democratizing VR content creation for non-expert
users [15], and improving expressiveness while reducing the user’s
perceived workload [26]. However, the introduction of LLMs in
interaction tasks such as scene editing can also pose barriers and
adversely affect the interaction experience due to the current limi-
tations of LLMs and its capability to integrate with 3D scene con-
tent. Examples of these barriers include transparency and explain-
ability [29] reflected through user trust in the system, as well as
appropriate error handling and timely user feedback [15].
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We investigate the following research questions:

• RQ1: What common interaction patterns do users exhibit
when they adopt an LLM-assisted multimodal interactive sys-
tem to complete interaction tasks such as scene editing in VR?

• RQ2: Do LLM-assisted multimodal interactive systems pose
interaction barriers and how do users work around them?

As speech-and-pointing interfaces have been widely studied in ex-
isting virtual and augmented reality research [7, 49, 50, 24], we
have created the Advanced Speech Support and Interactive Sys-
tem for Virtual Reality (ASSISTVR), which integrates LLMs with
speech and pointing interaction techniques. This system serves
as an example for multimodal interactive systems in general and
informs our understanding of the above two research questions.
ASSISTVR uses an off-the-shelf Microsoft Azure Conversational
Language Understanding (CLU) Service and GPT-4o to handle
user queries. We use this system to study the effects of LLMs
on user behavior patterns in scene editing tasks through an em-
pirical user study with 12 participants. Specifically, we focus on
whether user interaction with such LLM-assisted interactive sys-
tems reveal certain high-level interaction strategies, and if so, was
the LLM-assisted interactive system able to assist participants in
identifying more efficient interaction strategies with very limited
external guidance. We also examine whether the system poses any
interaction barriers, and suggest design approaches to overcome
these. Through this study, we extract observations on user perfor-
mance and interaction patterns, and provide design implications for
future LLM-assisted interactive systems for immersive 3D content
and possibly general interactive systems which involve LLMs.

This paper contributes to existing literature by analyzing inter-
action patterns and strategies through an exploratory study. We de-
liberately chose not to engage in a comparative study since prior
work [11, 15, 26] have proposed systems which apply LLMs to im-
mersive content, and the capabilities of LLMs advance in a very
rapid speed. Instead of making a technical contribution, this paper
provides insights on observed user strategies and behavioral pat-
terns, which generalizes to different types of interactive systems
involving LLMs.
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2 RELATED WORK

2.1 Scene Editing and Multimodal Interaction in XR
Rakkolainen et al. [35] reviews recent advances in multimodal in-
teraction technologies for extended reality (XR) content, pointing
out how XR technologies introduce new interaction concepts and
play an important role in addressing accessibility barriers. Simi-
lar views were proposed by Spittle et al. [41], who suggests that
multimodal interaction facilitates selection and manipulation tasks.
In 3D editing tasks in virtual reality (VR), a combined gesture and
speech interface can perform on par with a unimodal interface of
a radial menu in terms of promoting creativity, usability, and pres-
ence [50].

Williams et al. [44] report on an elicitation study of speech,
gesture, and multimodal speech and gesture interactions in uncon-
strained object manipulation tasks in augmented reality. Zhou et
al. [49] found that participants preferred to use the same gesture for
one and two-object manipulation in the same task, and revealed as-
sociations between speech patterns and gesture strokes during 3D
object manipulation. Rodriguez et al. [37] studied natural unimodal
and multimodal interaction techniques for 3D sketching in virtual
reality.

Plopski et al. [33] reviewed gaze interaction and eye tracking
research in XR and outlined how eye gaze has been applied to
enhance user interaction with virtual content and interface design.
Multimodal interactive systems such as GAZEPOINTAR [27] also
demonstrate the possibility of leveraging eye gaze and pointing ges-
tures to provide contextual information for speech queries.

2.2 Large Language Models for Extended Reality
A plethora of recent research in AI and XR has focused on different
aspects, including accessibility and inclusion [23, 8], privacy [8],
3D content generation [19, 28], and general applications [15, 31, 11,
40]. Ma et al. [30] reviews integration of LLMs with 3D spatial data
as 3D-LLMs and applications. Recent work [20, 21, 3] has further
explored how LLMs can assist agents in altering the physical 3D
world in various ways.

In terms of 3D content editing, LLM-assisted systems such as
LLMR [11] demonstrate a wide range of possible applications in
XR, including world creation, multimodal interaction, scene edit-
ing, scene query, and integration with other external plugins, plat-
forms, and sensors. DREAMCODEVR [15] is an AI-powered tool
for generating code in VR applications during runtime to modify
the appearance and behavior of elements in a 3D scene. Prior work
has also studied LLM prompting for immersive content. Roberts
et al. [36] show that prompt-based methods can accelerate in-VR
level editing and become an integrated part of the gameplay. Aghel
Manesh et al. [2] used a Wizard of Oz elicitation study to examine
the implicit expectations of users when they prompt generative AI
agents to create interactive virtual scenes.

2.3 Interaction Pattern Analysis
Interaction analysis is an important part of human-computer inter-
action (HCI) research. Wright et al. [45] proposed the resources
model to analyze human-computer interaction as distributed cog-
nition, where interaction strategies play a crucial role in bringing
resources in use to generate actions. Scholz et al. [38] proposed
a model to study user behavior and interaction patterns in online
news forums while Guo et al. [17] studied interaction modes and
user agency in human-LLM collaboration tasks. Beyan et al. [6]
conducted a human-human interaction analysis and identified inter-
action patterns and behaviors such as nonverbal cues which resulted
in effective performance. These interaction patterns are often un-
covered through log analysis [42] or audio and video analysis [22].

Interaction patterns have also been studied within the context
of extended reality. To support the analysis of interaction pat-
terns, symbolic event visualization methods have been proposed by

Rabasahl et al. [34]. Feit et al. [13] and Foy et al. [14] studied ten-
finger typing on a physical keyboard and mid-air typing in virtual
reality respectively, and summarized common typing behaviors as
interaction patterns. Dudley et al. [12] studied the performance en-
velopes of four alternative text input strategies in virtual reality to
provide design implications for novel text entry systems.

3 METHODOLOGY

LLM systems have evolved from text-based interaction [10] to
vision-language models [43], which support multimodal text and
images, to general-purpose multimodal LLMs [46] that support any
combination of text, image, video, and audio as inputs and outputs.
For immersive 3D environments, while multimodal interactive sys-
tems assisted by LLMs have been proposed [11, 25, 15], there is
still need to investigate their effects on user behavior and interaction
patterns. We have designed ASSISTVR to provide an integrated
speech-and-pointing 3D editing system.

Through a scene editing user study, we gather quantitative usage
data and qualitative feedback from post-experience questionnaires.
The study is approved by the research ethics committee in the De-
partment of Engineering at the University of Cambridge. Collec-
tively, these results help us to identify main interaction strategies as
well as reoccurring interaction patterns. Through post-hoc analysis
of the study data, we identify key barriers in user interaction with
LLM-assisted interactive systems in virtual reality and propose de-
sign implications for future LLM-assisted interactive systems.

Apparatus. To study user behavior and patterns when interact-
ing with LLM-assisted 3D scene editing systems, we designed AS-
SISTVR. An outline of the system workflow is provided in Figure 2.
The system leverages large language models such as Microsoft
Azure Conversational Language Understanding (Azure CLU, as
shown in grey) and GPT-4 Omni (GPT-4o, as shown in blue) [32, 1]
to process user natural language input. Azure CLU extracts intents
and key entities from the user natural language input, and GPT-4o
catches all exceptions which cannot be handled by the Azure CLU
classifier to provide speech instructions to the user.

In the ‘Training Phase’ of Azure CLU, representative utterance
data of possible user speech input samples are labelled with intents
(such as ‘Select’, ‘Deselect’, ‘Modify’, ‘Undo’, or other intents)
and key entities (such as ‘Object of Interest’, ‘Original Color’,
‘Original Material’, ‘Target Color’, and ‘Target Material’), and are
used to finetune the default model (2022-09-01 training configura-
tion) provided by the Azure CLU service. Upon training the model,
the utterances with labeled intents and entities are adjusted to iter-
atively improve model performance. The final model with an F1
score of 92.73% on intent classification was deployed. There is no
training phase for GPT-4o.

In the ‘Deployment Phase’ of Azure CLU and GPT-4o in Fig-
ure 2, the system first uses the Azure Speech Recognition service
to recognize user speech, then uses the Azure CLU model to clas-
sify the recognized speech input into different intents and extracts
key entities from the user input. If the intent is classified as ‘Se-
lect’, ‘Deselect’, ‘Modify’, or ‘Undo’, the system executes post-
processing scripts in Unity to perform object selection, object dese-
lection, color/material modification, or actions to undo the previous
color/material editing step. Following De La Torre et al. [11], the
system generates a scene graph in JSON format to represent con-
tent in the 3D scene. If the intent does not fall under these four
categories, the user natural language input, an instructions prompt
(providing context about the scene editing task, available colors,
and available materials), and a JSON file containing the scene graph
of the current 3D scene are sent to the cloud-based GPT-4o model
via Application Programming Interface (API) calls. GPT-4o subse-
quently generates a natural language response, which is then syn-
thesized into speech and sent to the user.
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Figure 2: Workflow of the ASSISTVR system designed for the study. In the training phase, only Azure Conversational Language Understanding
(CLU) is involved. The developer labels a number of utterances with intents and entities, and finetunes the Azure CLU model. The model is
iteratively improved based on performance metrics. In the deployment phase, Azure CLU classifies user speech input into different intents. If the
intent falls under the ‘Select’, ‘Deselect’, ‘Modify’, or ‘Undo’ categories, further post-processing steps to modify the scene are conducted in Unity.
If the intent does not fall under these categories, the user speech input and a text file containing the instructions prompt and scene graph of the
current scene are sent to GPT-4o, which generates a natural language response synthesized into speech for the user.

Figure 3: Example of the draggable panel. The panel shows that
the current object hit by the raycast is the ‘Sofa’ with ‘Blue’ color
and ‘Cotton’ material. Currently, objects ‘Table’, ‘Vase’, and ‘Bed’ are
selected. The user says, “Make them purple.” The system responds,
“Changing Table, Vase, Bed into purple,” and modifies the color of
the selected objects. At the bottom of the panel, screenshots of the
target scene at different angles are shown.

Apart from the speech-based interaction powered by Azure CLU
and GPT-4o, the system also includes other interaction modalities
including selection/deselection of virtual objects via raycast, and a
draggable panel to provide feedback by displaying from top to bot-
tom the name, color, and material property of the current object hit
by the right raycast, the list of names of all currently-selected ob-
jects, the recognized user speech input, the natural language output
from the system, as well as screenshots of the target scene at the
bottom. An example screenshot of the draggable panel is provided
in Figure 3.

Participants wore an Oculus Quest 2 headset and held the right
controller during the study. The headset was connected to a Win-
dows 10 laptop PC (Intel i5-9300H CPU, 16GB memory, and GTX
1050 graphics card) via an Oculus link cable. Scenes were imple-
mented with Unity 3D (Version 2022.3.15f1) and publicly available
resources1 on Unity Asset Store.

Participants. We recruited 12 participants (6 male and 6 fe-
male) aged between 22 and 35 (M = 26.3,SD = 3.8). Around
62.5% of participants were familiar with VR, 50% of participants
were familiar with speech recognition systems, and around 67% of
participants were familiar with 3D modelling or design software.
All participants understood and spoke English, and 50% reported
themselves as native English speakers. None of the participants re-
ported any form of disability.

Task. The task involves matching the original indoor scene to
a target scene based on a combination of natural language instruc-
tions and image instructions. Here, this scene editing task was
chosen because referencing tasks and object manipulation tasks are

1Source: https://assetstore.unity.com/packages/3d/

environments/interior-house-assets-urp-257122.
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considered as canonical interactions commonly used to evaluate in-
teraction techniques in VR [4, 5, 47], and both tasks are encap-
sulated in our editing task. The scene and task are designed such
that there are a number of objects which can be referenced with a
common color/material property (such as ‘blue’ or ‘cotton’), and
one special object (the carpet) whose target appearance can only be
inspected visually by the user. The user is not instructed how to
reference the pattern of the carpet verbally at the beginning of the
task. The purpose of including this special object in the task is to
simulate cases when objects are difficult to reference for the user
and to study whether LLM-assisted systems can aid participants in
referencing these objects with higher perplexity.

Task type A involves making all blue objects in the original scene
into grey and making all cotton objects in the original scene into
leather, see Figure 1 (right) for the target scene. Task type A also
involves editing the carpet into white pattern, but this requirement
was given by showing images instead of natural language descrip-
tions. Similarly, task type B involves making all blue objects pur-
ple, making all leather objects cotton, and making the carpet into
purple pattern, see subfigure “T: Target” in Figure 5 for the target
scene. The target pattern of the carpet was also given via images
and not natural language. During the study, the order of task type
A and task type B was counterbalanced across all 12 participants.
After rearranging the order of task type A and task type B, the tasks
were delivered as Task 1 and Task 2, with Task 1 preceding Task 2.

Additional instructions for participants during Task 1 were to
explore the list of all available colors and materials and to find the
most efficient way to modify color and material. An additional in-
struction for Task 2 was to modify the scene based on the most ef-
ficient way participants found in Task 1. This reason for providing
these additional instructions is because we are interested in finding
whether LLM-assisted systems help participants obtain any perfor-
mance improvement, and if so, how the improvement is reflected
through the change in interaction strategies and patterns. The com-
plete verbal instructions for both tasks and both task types are pro-
vided in the Online Appendix.

Procedure. After filling out a consent form and demographics
questionnaire, participants were briefed about the study procedure,
which involved asking participants to edit the color and material
of various objects in a VR living room scene. Participants were
told that the system supported a list of colors such as red, orange,
and yellow and a list of materials such as plastic. Here, only a
few examples were given, and the complete list of colors and ma-
terials were not given to the user. Users were briefed about the
main functions (raycast selection, speech, and assistive panel) of
the system, as well as a high-level introduction of the types of sup-
ported speech commands (Select/Deselect, Commands to modify
appearance, Commands to undo, and Query commands). Partici-
pants were not taught about the exact phrases used to elicit these
commands. Participants were instructed to think aloud during the
study. Prior to starting the two tasks, participants were given some
time to familiarize themselves with the system in a practice trial.
Participants were encouraged to try using speech and raycast to se-
lect and edit the color and material of a few objects, or try asking
some questions on system usage and the current status of the scene.

After the practice trial, the goal of Task 1 was introduced to par-
ticipants by showing them images of the original scene and target
scene to match the carpet appearance and by giving them verbal in-
structions. All participants were exposed to both task type A and B
in Task 1 and Task 2.

In Task 1, participants further explored the scene and attempted
the editing task. Participants also tried to figure out how to use
the system efficiently, including which functions to use and what
speech commands worked well. Participants were not allowed to
obtain additional information from the study moderator but were
allowed to ask the system. The task ended when participants were

satisfied that the scene matched the target appearance. Partici-
pants were then asked to complete a post-experience questionnaire
including open-ended questions, SUS [9], NASA-TLX [18], and
UEQ-S [39] questionnaires for Task 1 and take a 5-minute break.

Next, participants were given instructions for Task 2, which in-
cluded task type A or B, as well as modifying the scene based on
the most efficient way they found in Task 1. After receiving the
instructions for Task 2, participants modified the scene and stopped
when they were satisfied that the scene matched the target appear-
ance. Participants completed a similar post-experience question-
naire for Task 2, and gave final comments on which features they
liked/disliked based on their experience throughout the entire study.
The entire study lasted for around an hour. At the end of the study,
participants were thanked for their participation and remunerated.

4 RESULTS

Observations and quantitative data from the user study revealed sev-
eral common patterns in user behavior. These findings are orga-
nized and presented below as overall performance, interaction pat-
terns and interaction barriers. Here, significance tests do not serve
to conduct comparisons between different system or interfaces, but
instead serve as a tool to indicate how well users can learn to use
the system over time.

4.1 Overall Performance
Task Completion Quality. As different participants achieved

different goal states which match the target scene appearance to
different extents, we consider the difference between the color and
material of all objects in the current scene and the color and material
of all objects in the target scene as the number of Remaining Ele-
mental Editing Steps (REES), a metric to quantify user progress
and task completion quality in the scene editing task. Mathemati-
cally, it is defined as:

REES =
n

∑
i=1

[
1(oi(c) ̸= ti(c))+1(oi(m) ̸= ti(m))

]
, (1)

where 1(x ̸= y) is the indicator function. It satisfies 1(x ̸= y) = 1
if x ̸= y and 1(x ̸= y) = 0 if x = y. oi represents object i in the
scene at the current state, and ti represents the target appearance
of object i at the final target state. The parameter c represents the
color property, while m represents the material property. There are
in total n objects in the scene.

This final REES metric measures how close the final state of the
scene is compared to the target scene, with a lower final REES value
indicating a closer match to the target scene and higher task comple-
tion quality. A Wilcoxon Signed-Rank test revealed a significant
difference (W = 3, p < .05, |r| = .73) in the final REES between
TASK1 (M = 4.58,SD = 4.72) and TASK2 (M = 1.83,SD = 3.69),
suggesting that participants were able to match the target scene sig-
nificantly better in Task 2 compared with their performance in Task
1. Please note, that while it can be expected that participants’ per-
formance improves over time, the scale of this improvement (60.0%
reduction in final REES on average) can indicate that users can
adopt quickly to the multimodal editing system.

Task Completion Time. Another measure for task completion
is the time taken for each participant to edit the scene to match the
target appearance. A Wilcoxon Signed-Rank test revealed a signif-
icant difference (W = 3, p < .05, |r| = .87) between the comple-
tion time of TASK1 (M = 11.2 minutes, SD = 4.9) and TASK2
(M = 5.7 minutes, SD = 4.0), suggesting that participants com-
pleted Task 2 in a significantly shorter amount of time. We are
interested in task completion time as this metric helps to inform us
on the efficiency in carrying out the tasks.

Combining the results for task completion quality and task com-
pletion time, we observe that participants were able to match the
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Table 1: Participant comments organized by themes in the post-experience questionnaire.

Theme Sub-Theme Participant Comments

System
Ease of
Use

Response efficiency “It was incredibly quick. I like how efficient it was. I did not need to select anything, which made it really easy. I just told the
system what to do and only had to use 5 commands.” (P6)

Design redundancies “I very much liked the technique. The speech recognition is much faster than selecting objects with raycast, but I can still use
the raycast to check the object properties.” (P8)

Straightforward to use “It was efficient and straightforward to use once the commands were known.” (P11)

Help and support “I like how in the end I asked the system how can I change the color & pattern of the carpet and it shows many examples of
the exact commands that I could say. And I tried to communicate with it and complete the task in the end and I feel like the
examples that the system gave was helpful.” (P12)

Multimodal
Interaction

Benefits of raycast “Raycast enabled precision control, when I want to select, deselect a specific object that I did not know its natural name.” (P7)

Benefits of speech “The speech recognition is much faster ... but I can still use the raycast to check the object properties.” (P8)

Other possible modalities “Maybe if the system is also able to factor in my gaze or selections to provide further context. E.g., if I am looking at a
particular book and/or selected it, the voice command should factor this in.” (P7)

User
Agency

Unexpected response “I only dislike it when I find the system not responding the way I thought it would. E.g., I selected a particular book and asked
it to change book to purple, but the system changed all the books.” (P7)

User adaptations “Try to avoid complicating the system ... I prefer to give short and clear instructions and complete the task step by step.” (P4)

User
Trust

Ways of establishing trust “Before starting the task, I saw visually that the system was changing colors correctly for an object I had selected. I trusted it
to select all objects of a certain color at once because it seemed to correctly know the color of every object. Bulk-selecting and
changing seemed trustworthy and the most efficient.” (P6)

Cases of a lack in trust “If things are identical, I feel confident multiselecting them using voice command. However, if things are not entirely identical,
I feel better selecting and changing them one by one, so that I don’t mis-select any item that I didn’t mean to.” (P2)

Level of
Feedback

Visual feedback via panel “The panel shows what I said and what the response will be, so I can confirm if the recognition is correct or not and try again
if the recognition is wrong.” (P8)

Other visual feedback “It would be nice to view a sample of the colours when listing them - especially for the patterns.” (P1)

scene significantly closer to the target scene in a significantly
shorter amount of time in Task 2 after familiarizing with the sys-
tem in Task 1. High standard deviations in the results also suggest
that different individuals can have a vastly different performance.

4.2 Post-Experience Questionnaire Findings
Participants provided task load ratings on mental demand, physi-
cal demand, temporal demand, performance, effort, and frustration
from a scale of 1 to 10 using the unweighted version of the NASA-
TLX questionnaire [18]. A Wilcoxon signed rank test revealed
that the overall task load rating of TASK1 (M = 3.97,SD = 1.08)
was significantly higher (W = 4, p < .05, |r| = .78) than that of
TASK2 (M = 3.35,SD = .98).

Results from the System Usability Scale (SUS) [9] of TASK1
and TASK2 yielded a higher average SUS score in Task 2 compared
with Task 1. However, a Wilcoxon signed rank test did not reveal
a significant difference (W = 9.5, p = .073, |r| = .57) between the
SUS ratings of TASK1 (M = 72.1,SD = 15.5) and TASK2 (M =
75.2,SD = 14.9).

Results from the short version User Experience Questionnaire
(UEQ-S) [39] show that TASK2 attains a higher average overall
score (M = 1.70,SD= .81) compared with TASK1 (M = 1.50,SD=
.59), but Wilcoxon signed rank tests did not reveal a significant
difference (W = 13, p = .083, |r| = .52). For the subcategories
of the UEQ-S ratings, no significant differences were found in
the PRAGMATIC quality (W = 14.5, p = .199, |r| = .41) between
TASK1 (M = 1.50,SD = .80) and TASK2 (M = 1.79,SD = 1.09) or
the HEDONIC quality (W = 0, p = .089, |r|= 1.0) between TASK1
(M = 1.50,SD = 1.06) and TASK2 (M = 1.60,SD = 1.04).

Participants also provided descriptions of the most efficient strat-
egy they found, as well as open comments about the system. Ten
out of twelve participants were able to find an efficient strategy of
bulk-editing object properties by interacting with the system with-
out additional external assistance by the end of the study. Partic-
ipants who did not find the bulk modification strategy described
their strategy as follows. P2 said, “For identical items such as blue
walls, blue vases and leather pillows, I tend to use voice command
to change their colours/material...For non-repetitive items such as

the pen holder and keyboard, I just selected and changed them in-
dividually one by one.” Meanwhile, P12 commented, “Because
I found selecting multiple objects at the same time [being] trou-
blesome, I directly ask[ed] the speech system to help chang[e] the
color of multiple objects.” These two participants either found it
more reassuring to change individual objects (P2) or did not find
the supported command or workflow to select multiple objects with
the same property first and then use another command to modify the
appearance of all selected objects (P12). A thematic analysis [16]
on open comments about the system revealed the following trends,
which provide further insights on the observed behaviors and inter-
action patterns. For the following themes, examples of quotes from
individual participants are provided in Table 1, while participant
conversation histories are provided in the Online Appendix.

System ease of use. Participants appreciated how easy and
efficient it was to complete the scene editing task once they knew
how to phrase the commands and which strategy to adopt. Dia-
logues between participants and ASSISTVR revealed that partici-
pants found the system useful in providing suggestions to help them
find the list of all supported colors, materials, supported speech
commands, as well as the efficient bulk modification strategy.

Multimodal Interaction. In the post-experience questionnaire,
participants appreciated how different interaction modalities in-
cluding speech and raycast worked together to facilitate scene edit-
ing tasks. Some participant comments also demonstrated that mul-
timodal interaction is not limited to speech and raycast but can in-
stead incorporate a broader range of interaction modalities in future
systems.

User Agency. Participants commented how sometimes the
system did not respond to speech input as they expected, which
negatively affected their sense of agency over the system. During
the study, participants were aware of gaining control of their actions
and sought to improve agency by choosing appropriate strategies.

User Trust. Post-experience comments revealed that some par-
ticipants sought simple ways to verify that the system was process-
ing speech commands correctly before bulk-editing the scene. The
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difference in user trust in the system also likely led them to choose
different interaction strategies.

Level of feedback. Participants appreciated how the system
provided an adequate amount of visual feedback via the draggable
panel and voice feedback through synthesized speech (see quotes
under ‘System ease of use’). Participants also commented how it
would be helpful if they received more visual feedback on the list
of colors and materials, in addition to their names.

4.3 Interaction Patterns
The study revealed how participants preferred to iteratively modify
the color and material of individual objects in the scene to match
the target appearance, or to select a group of objects with a com-
mon feature, and change their color/material using a single voice
command. Figure 4 plots the number of remaining elemental edit-
ing steps for all 12 participants with respect to elapsed time.
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Figure 4: Number of remaining elemental editing steps to match the
target scene in Task 1 (top figure) and Task 2 (bottom figure). The
horizontal axis is denoting relative time in minutes and seconds.

As shown in Figure 4, in Task 1, in which participants are asked
to find the most efficient way to edit the scene to match the target
appearance, P2, P3, P7, P9, and P12 preferred to make incremental
edits to individual objects. Similarly in Task 2, in which partici-
pants are asked to edit the scene based on the most efficient method
they found, P2, P9 and P12 also preferred to modify the scene iter-
atively. We define this high-level scene editing strategy as:

Incremental Exploration (IE) This strategy emphasizes visual
inspection of individual object properties and combines ray-
cast selection or speech selection of single objects by their
names and modifying object appearance using speech com-
mands, or direct modification (without explicit selection) of
individual object appearance through speech commands.

In Task 1, P1, P6, P8, P10, P11 used speech commands to select
a group of objects via their common color or material property and
used a single voice command to bulk edit their appearance. This
strategy is also observed in Task 2 within the behavior of more par-
ticipants including P1, P3, P4, P5, P6, P7, P8, P10, and P11. We
define this high-level interaction strategy as:

Bulk Modification (BM) This strategy uses speech to select a
group of objects with a shared color/material property, then
uses speech to bulk modify their appearance. In this strategy,
there is not explicit involvement of visual inspection of indi-
vidual object properties.

It is important to note that the interaction strategy of a certain
user can change over time. For example in Task 1, P4 started the
task with incremental exploration, then adopted bulk modification,
before returning to incremental exploration. Therefore, we visual-
ize how interaction strategies have changed (if any) over the course
of time in Task 1 and Task 2 for each participant in Figure 5. Based
on these interaction patterns, we make the following observations:

Color modification tends to precede material modification
in IE and BM. In Task 1, among all 12 participants, 7 edited color
before editing material (P1, P3-P6, P8, P10) while none edited ma-
terial before editing color. The remaining 5 participants did not
exhibit a strong preference on editing a certain property before an-
other (P2, P7, P9, P11, P12). In Task 2, 8 participants edited color
before editing material (P1, P3-P6, P8, P11, P12) while none edited
material before editing color. The remaining 4 participants did not
exhibit a strong preference on the editing sequence (P2, P7, P9,
P10). This trend in editing sequence regardless of the high-level
strategy employed demonstrates how the majority of participants
drew attention to the more distinguishable visual features such as
object colors and edited these features first in comparison with less
distinguishable visual features such as object material.

Carpet tends to be edited last. Prior to the study, partici-
pants were instructed to match the appearance of the carpet to the
appearance shown in an image of the target scene. Participants were
not explicitly told how to modify the carpet appearance, or how to
reference the target appearance of the carpet. In comparison, the re-
maining objects were given an explicit target color (grey or purple).
The carpet represents objects which are difficult to edit verbally,
and the study results revealed that in Task 1, 9 out of 12 partici-
pants (P1, P4–P9, P11, P12) chose to edit the carpet last. In Task
2, 9 out of 12 participants (P1, P3–P8, P10, P12) edited the car-
pet after editing the remaining objects. The results show that in
speech-based interfaces, users tend to edit objects with a clear goal
state such that the speech commands are easy to enunciate.

Total time spent on incremental exploration tends to exceed
the time spent on bulk modification. Figure 6 (left) provides
a box plot of the time spent on incremental exploration and the
time spent on bulk modification for all 12 participants. Wilcoxon
Signed-Rank tests indicate that the total minutes spent on the in-
cremental exploration strategy (M = 9.47,SD = 5.22) in Task 1
is significantly greater (W = 2, p < .05, |r| = .92) than the min-
utes spent on the bulk modification strategy (M = 1.78,SD =
1.62). For Task 2 however, the difference between the time taken
on incremental exploration (M = 3.38,SD = 2.87) and bulk modi-
fication (M = 2.36,SD = 1.70) was not significantly different (W =
28, p = .424, |r|= .23).

A larger percentage of time was spent on Bulk Modification
in Task 2 compared to Task 1. Figure 6 (middle) provides box
plots of the percentage of time spent on incremental exploration and
bulk modification for each participant. Wilcoxon Signed-Rank tests
indicate that the percentage of time spent on bulk modification
for each participant significantly increased (W = 2, p< .05, |r|=
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.81) in Task 2 (M = .465,SD = .279) compared with Task 1 (M =

.194,SD = .190). This suggests that users are likely to have learned
about the efficiency of the bulk modification strategy and prefer to
spend more time on it.

More queries were posed during IE. Figure 6 (right) pro-
vides box plots of the number of queries posed during incre-
mental exploration (M = 3.17,SD = 2.08) and bulk modification
(M = .08,SD = .29) for all participants in Task 1 and the number
of queries posed during incremental exploration (M = 1.25,SD =
1.36) and bulk modification (M = .42,SD = .67) for all partici-
pants in Task 2. Wilcoxon Signed-Rank tests indicate that sig-
nificantly more queries were posed during incremental explo-

ration, as compared to bulk modification in both Task 1 (W =
0, p < .05, |r|= .87) and Task 2 (W = 2.5, p < .05, |r|= .76).

Queries did not necessarily guide participants to find the
BM strategy. P2, P9, and P12 who did not try the bulk modi-
fication strategy in Task 1 posed 3, 6, and 7 queries respectively,
but only P9 shifted to a combination of the incremental exploration
strategy and bulk modification strategy in Task 2, while P2 and P12
continued with the incremental exploration strategy and were not
successful in matching the scene to the target appearance.

Participants who tried BM in Task 1 achieved high perfor-
mance in Task 2. P1, P3 to P8, P10, and P11 tried the bulk mod-
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Figure 6: Box plots of the time spent in minutes for all participants on the incremental exploration (IE) strategy and the bulk modification (BM)
strategy (left), the percentage of time spent on both strategies for all participants in Task 1 and Task 2 (middle), and the number of queries posed
during both strategies for all participants in Task 1 and Task 2 (right). Black squares indicate the mean values.

ification strategy in Task 1. All participants were able to complete
Task 2 to match exactly the target scene (P1, P3-P6, P8, P10, P11)
or match sufficiently close (T*) to the target scene (P7). Wilcoxon
Signed-Rank tests on the task completion time of these participants
also revealed a significantly shorter (W = 3, p < .05, |r| = .78)
completion time of Task 2 compared with Task 1.

4.4 Interaction Barriers
The study also revealed certain interaction barriers which adversely
affected the completion quality of scene editing tasks or the com-
pletion efficiency of the tasks.

Speech Recognition/Processing Issues. The misrecogni-
tion and processing errors of certain words by the system required
participants to repeat their queries multiple times, which ultimately
resulted in a delay in task completion. Interaction barriers under
this category can be due to a recognition error from the Microsoft
Azure Speech Recognition service, or due to a processing error in
the misrecognition of user intents or key entities by Azure CLU or
an error occurred when matching key entities to the GameObjects
or textures in Unity during the Unity post-processing step.

Feedback Clarity. In the user study, participants were often
confused when the system failed to respond to user speech input
according to user expectations. In such circumstances, the system
does not always provide clear feedback on why a command did
not work or instruct participants on how to phrase it correctly. For
queries that were not categorized as ‘Other’, the Azure CLU model
did not have the capability to provide feedback to users. For speech
input processed by GPT-4o, the model lacked enough contextual
information on the current status of each object (such as whether
they are selected or not) in the scene and could not provide enough
feedback. Participants also commented how visual feedback could
be further improved by, for example, adding images to describe
colors and materials in addition to text, or adding a progress bar to
indicate that the LLM is processing the user query.

Command Phrasing. Some participants had difficulty finding
the correct phrasing for some commands, especially for changing
patterns or materials. This is because the training data of the Azure
CLU model only labelled commands with a certain sentence struc-
ture as selection or editing commands. Commands with different
phrasing are processed by GPT-4o, but the model often replied that
it did not have the capability to select or modify objects, which re-
sulted in confusion among participants. This example shows how
special considerations should be included in the GPT prompt to in-
struct LLMs to incorporate information from other sources, such as
information directly from the 3D scene or the Azure CLU model.
This will guide users to find the correct command instead of pro-
viding a misleading response to state that the system is incapable of
completing the selection or editing task.

5 DISCUSSION

This study highlights the promising potential of LLM-assisted in-
teractive systems in guiding users towards more efficient multi-
modal interaction strategies, thereby improving user performance
in typical interaction tasks such as scene editing in virtual reality.

5.1 LLM-Assisted Systems for VR
Immersive environments present distinct spatial, multimodal, and
latency requirements. For example, we found that users’ reliance
on both voice and visual feedback in the scene exposed limitations
and areas of future work for such LLM-assisted systems to align
natural language suggestions with visual cues in the 3D spatial con-
text. This emphasizes the need to go beyond LLM applications for
2D interfaces to incorporate spatial reasoning capabilities in LLM-
assisted systems for immersive content, and ensure alignment in
different channels of natural language and visual information.

Additionally, our findings reveal how the immersive nature of
VR amplifies certain characteristics in human-AI interaction. Hal-
lucinated outputs from LLMs become more disruptive in immer-
sive environments compared with traditional graphical user inter-
faces due to the higher cognitive load and conflicting visual infor-
mation from the user’s immediate spatial environment. These find-
ings highlight the importance of addressing well-known issues of
LLM applications, such as trust, multimodality, and uncertainty in
the immersive domain.

5.2 User Performance and Interaction Patterns
User Performance. Performance indicators, such as the num-

ber of remaining elemental editing steps and task completion time
reported in Section 4.1, reveal how user performance significantly
improved in Task 2 compared with Task 1. First, the study exem-
plifies the impact of choosing the correct interaction strategy on
task completion quality. While 431.3% more time was used on
incremental exploration as compared to bulk modification in Task
1, bulk modification resulted in a 66.38% reduction in the remain-
ing elemental scene editing steps compared with the incremental
exploration strategy in Task 1. Second, the performance indica-
tors reveal how LLM-assisted interactive systems helped to guide
users to select better interaction strategies which result in improved
performance. In several cases for P12, P2, P6, and P5, the LLM-
assisted scene editing system was able to give constructive feedback
in response to user queries on the supported speech commands,
available colors, available materials, and the most efficient way sup-
ported by the system for users to complete the scene editing task,
with examples provided in the Online Appendix. However, the ab-
sence of a baseline (e.g., task completion without LLM assistance)
limits our ability to definitively attribute these gains to the LLM,
and results should be treated with caution.
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Interaction Patterns. Results from Section 4.3 revealed cer-
tain interaction patterns, offering insights on how individuals inter-
act with LLMs in immersive environments. For example, users con-
sistently prioritized visually salient features and objects with clear
target states, suggesting that spatial and visual affordances play a
significant role to guide AI-supported decision making. These find-
ings highlight the need for LLM-assisted systems in immersive en-
vironments to align LLM suggestions with the user’s focus and pro-
vide visual previews to align verbal commands with 3D outcomes.

The study also revealed that even when Task 1 and Task 2 explic-
itly encourage participants to find the most efficient way of scene
editing, two out of twelve participants displayed rigid interaction
behavior, adhering to a limited set of strategies regardless of sys-
tem feedback. This observation reveals a potential barrier when
users are encouraged to explore more optimal modes of interaction,
and demonstrates the need for LLM-assisted systems to guide users
towards exploiting system capabilities efficiently.

5.3 Implications

Results from this study shed light on design implications for future
LLM-assisted interactive systems. While the study is conducted in
a VR environment, design implications are applicable to 3D content
applications in general, and even possibly applicable to general in-
teractive systems where LLMs are involved. Based on results from
the study, we formulate design implications as follows.

First, effective use of multimodal input is critical for im-
proving the user experience for LLM-assisted interactive sys-
tems. While multimodality has been widely-researched for im-
mersive technology, our findings emphasize the need for dynamic
integration of inputs such as controller, gesture, gaze, and verbal
commands to support embodied interaction. For example, users
frequently used verbal commands for high-level tasks but relied on
controller input to finetune certain selections. This combination
of high-level verbal commands combined with detailed-level con-
troller or gesture input presents an opportunity for LLM-assisted
systems to support more intuitive interactions in immersive envi-
ronments and allows the system to disambiguate or refine user input
which would otherwise be imprecise when only speech input is sup-
ported. This corroborates findings from Liao et al. [29] who state
that interaction with LLM systems with only the natural language
modality can be easily affected by subtle language cues.

Second, the design of LLM-assisted interactive systems
should place special considerations on fostering user trust and
improving user agency. Trust and agency are fundamental to
LLM-assisted interactions. However, these concepts are expressed
differently in VR due to its immersive nature. For example, users
such as P2 expressed more trust in the incremental exploration strat-
egy as it provided more visual confirmation. When P12 did not re-
ceive feedback on her command to select all blue objects, her sense
of agency and control over the system through speech commands
was affected. These observations inform future designs to allow
users to preview the results of LLM-generated actions and incorpo-
rate reversible actions in addition to 2D visual displays such as the
draggable panel implemented in ASSISTVR to reinforce a sense of
control.

Finally, LLM-assisted interactive systems should implement
measures to convey the fundamental uncertainties that emerge
from LLM interaction, such as hallucination. While the risk of
hallucinations is well-recognized in AI research, our findings indi-
cate that their impact is magnified in immersive environments due
to their spatial and interactive nature. For example, hallucinated
scene information can result in inconsistent responses. LLMs in-
volved directly in scene editing (instead of attached to Unity post-
processing scripts like the Azure CLU pipeline) can also result in
erroneous spatial edits. These errors can all severely disrupt task
flow and user immersion. To mitigate this, LLM-assisted systems

for immersive content editing should explicitly convey uncertainty
in LLM outputs through visual indicators (such as color-coded con-
fidence levels) or audio cues. While LLMs inherently have limita-
tions in hallucinating information [48], it is important to signpost
to the user when such information can be inaccurate or incomplete.

6 CONCLUSION AND FUTURE OUTLOOK

This work has provided an analysis of user interaction patterns and
strategies with LLM-assisted interactive systems through an exam-
ple scene editing task in virtual reality. As evidenced by the results
in Section 4.1, LLM-assisted interactive systems have the potential
to guide users to find more effective and efficient interaction strate-
gies and improve task performance with very limited external guid-
ance. Results from the post-experience questionnaire corroborate
findings in prior work [26, 15] on the strengths of LLM-assisted
interactive systems for immersive content in perceived workload,
usability, and user experience. Based on post-experience question-
naire comments, we summarize design considerations for LLM-
assisted interactive systems in terms of multimodal interaction, user
trust, user agency, and appropriate feedback to cope with uncer-
tainty and hallucination. We also summarize interaction patterns
such as the fact that visually distinguishable features tend to be
edited first, and objects with an obscure goal state tend to be edited
last. Interaction patterns further reveal how participants were able
to improve their strategy through interaction with the system. Based
on these qualitative and quantitative observations, we proposed a set
of design implications for LLM-assisted interactive systems.

Novelty effects possibly inflated usability perceptions and thus
results have to be treated with caution and we encourage replica-
tion efforts. We also acknowledge limitations in our task design.
For example, our tasks do not fully capture or analyze ambigu-
ous user input cases typical of speech interfaces. Our tasks also
do not take into account complex high-level editing requirements
from the user. The current tasks on color and material modification
and the ASSISTVR system presented in the paper lack the versatil-
ity to cater to various design requirements, which will be addressed
in future work. Nevertheless, this study provides a promising out-
look for LLM-assisted interactive systems and provides a reference
for future work on interaction analysis of LLM-assisted systems.
We envision that these interaction pattern findings and design im-
plications will be applicable to LLM-assisted interactive systems in
general to guide a broad range of future designs in VR and beyond.

SUPPLEMENTAL MATERIALS

Supplementary materials can be found in the Online Appendix at
https://osf.io/2hmnd/. This includes: (1) The utterance train-
ing data for Azure CLU, the prompts for GPT-4o, (2) Verbal in-
structions given to participants before the practice trial, and before
both tasks and both task types, and (3) Selected conversation histo-
ries between participants and ASSISTVR grouped into themes.
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