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Figure 1: First-person views from the object selection user study with DiscPIM [29] and AssisTVR [10] under different scene
perplexity conditions. DiscPIM displays objects hit by the raycast on a circular mini-map. Cluttered objects in the mini-map
can be further expanded along the circumference to facilitate selection. AssisTVR supports single or multi-object selection via
speech or raycast. Recognized speech and selected objects are displayed on a draggable panel. Left: Low perplexity, DiscPIM;

Middle: Medium perplexity, AssisTVR; Right: High perplexity, AssisTVR.

Abstract

Object selection in virtual reality (VR) becomes increasingly chal-
lenging when targets are occluded or when multiple objects must
be selected in complex 3D scenes. In this paper, we present a com-
parative study of two interaction techniques: a speech-and-pointing
dual-modality approach (AssisTVR) which adopts natural language
input and raycasting, and a disocclusion mini-map (D1scPIM) which
displays dynamically-updated minimized objects in the selection
cone while preserving the object relative position in two dimen-
sions. We conducted a within-subjects study (n=24) that varied the
number of targets to be selected and the perplexity of the scene to
create a grid of conditions designed to reveal performance crossover
points. The study aims to explore modality strengths and tradeoffs,
not superiority. Quantitative and qualitative results show that each
technique exhibits strengths and weaknesses depending on the
task context: for example, mini-maps facilitate efficient selection in
high-occlusion single-target scenarios, while speech-and-pointing
is better suited for multi-target tasks. Our findings offer practical
guidance for VR interface designers by outlining the conditions
under which each technique is most effective. We conclude with
a summary table of design recommendations grounded in study
results to inform the choice of object selection techniques in future
immersive applications.
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1 Introduction

Object selection in virtual reality is an important and widely re-
searched task. However, this task becomes increasingly challenging
when objects are occluded, densely packed, or when multiple tar-
gets must be selected simultaneously. For occluded object selection
alone, a myriad of tools [29, 45, 63, 64] have been developed to
facilitate the task and improve user experience. In such cases, de-
signers must choose from a variety of interaction techniques, each
with distinct strengths and limitations. Understanding the tradeoffs
between these techniques is essential for creating effective and
context-appropriate VR interfaces.

This paper presents a comparative study of two object selec-
tion techniques in VR: speech-and-pointing (AssisTVR [10]) which
adopts natural language input and raycasting, and the disocclusion
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mini-map (D1scPIM [29]), which reveals occluded objects in the
selection cone on a mini-map attached to the controller.

Our focus on DiscPIM is motivated by its representative role
among spatial assistance techniques that use visual feedback to
overcome occlusion. While a wide range of object selection tech-
niques exist in VR through raycasting, cones, and hand avatars [1],
few are designed explicitly for occluded object selection in cluttered
3D environments. We chose DiscPIM over other approaches be-
cause it outperforms existing occluded object selection techniques
in VR [29]. For the speech-and-pointing technique, we build upon
the existing work of Chen et al. [10] to leverage language models to
complement traditional object selection techniques by adapting the
conversation-based AssisTVR technique [10] for the task of object
selection in VR. Compared with Chen et al. [10] which focused
on interaction strategies without a comparative evaluation and
Maslych et al. [29] which focused on selecting a single occluded ob-
ject with a distinct appearance, our approach provides a systematic
user study to investigate speech-and-pointing versus disocclusion
minimap techniques in occluded single and multi-object selection
tasks. Through this comparison, we provide empirical evidence
of the strengths and weaknesses of each approach and provide
design recommendations for future systems. In our adaptation,
AssisTVR combines speech and raycast as an interoperable and
complementary selection technique. In the remainder of this paper,
AssisTVR will refer to our adapted technique for object selection
unless otherwise specified. As such, we are able to directly compare
Di1scPIM [29] with AssistVR. This comparison enables us to explore
tradeoffs between two fundamentally different approaches: one
that relies on explicit visual remapping, and another that leverages
cognitive offloading through language-based intent expression.

Rather than proposing a new interaction technique or evaluating
one as superior to the other, our goal is to systematically investi-
gate the conditions under which each technique is most effective.
To this end, we conduct a within-subjects study that varies the
number of targets to be selected and the visual and referencing
complexity of the scene (referred to as perplexity). Here, we hy-
pothesize an ideal experimental environment to remain consistent
with the original study setup of the baseline technique [29], where
the target object is known to the user, the region of interest is
clearly indicated, and target objects in this region possess a distinct
name and appearance compared with distractor objects. To facili-
tate comparison with the DiscPIM baseline [29], we recruited the
same number of 24 participants and invited them to complete a
search task and a repeat task [29, 37, 64] for each combination of in-
dependent variables. Search and repeat trial completion time serves
as performance metrics, while ratings from questionnaires provide
an indicator of system usability, user experience, and task load.
By following this established protocol, we ensure comparability
of our results to prior benchmarks. This design enables us to ex-
plore potential performance crossover points and identify scenarios
where one technique outperforms the other. Our findings suggest
that each technique has situational advantages. For example, the
mini-map supports faster selection with few targets, while speech-
and-pointing excels when selecting two or more objects, even when
objects were difficult to reference verbally. Both techniques were
able to attain similar user experience ratings.
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These results are intended to inform design decisions rather
than validate a single best approach. We conclude with a set of
practical design recommendations in a summary table. Through this
comparative exploration, we aim to contribute actionable insights
for VR designers seeking to match interaction techniques with the
demands of specific selection tasks.

2 Related Work

Our work is embedded in the areas of occluded object selection in
VR, speech-and-pointing interaction in immersive environments,
as well as work on language models, which we contextualize next.

2.1 Occluded Object Selection in VR

Object selection and manipulation are fundamental interactions in
VR [3, 31, 40, 54]. They are often evaluated in testbed experiments
[5] and as the interface evolves, are also widely applicable in the
consumer application space [30]. As such, many works have been
dedicated to improve object selection [26, 46] and manipulation [66]
by proposing novel interaction techniques. Besides the virtual hand
and raycast techniques, which are commonly used as interaction
metaphors for selection and manipulation [48], gestures [26] and
eye gaze [46, 55] are also prominent for object selection. These
basic selection and manipulation tasks are widely studied in both
VR and AR [27, 38]. Selection can be considered as the first step
in the sequential process of referencing [8]. Following Weifs et al.
[57] and Schiissel et al. [44], selection tasks provide a fundamental
prerequisite for subsequent manipulation tasks, and findings on
selection tasks will provide important implications for the design
of interaction techniques when they are applied in other scenarios
for other tasks.

We focus on challenging scenarios like occluded object selection.
Back in 2007, Vanacken et al. [53] highlighted the research gap in
dense and occluded object selection in 3D virtual environments and
proposed the depth ray and the 3D bubble cursor to address this
gap. Yu et al. [62] studied the performance of different techniques
in object selection under dense and occluded environments. Baloup
et al. [2] proposed RAYCURSOR to use a controllable cursor on the
ray to select 3D objects. Later in 2020, Yu et al. [64] developed a
set of seven techniques (ALPHA CURSOR, FLOWER CONE, GRAVITY
ZONE, GRID WALL, LAsso GRID, MAGIC BaLL, and SMASH PROBE)
for fully-occluded target selection in VR. In the same year, Siden-
mark et al. proposed OUTLINE PURSUITS [46]. Subsequent works
adopted ray-based metaphors such as INTENSELECT [14] and IN-
TENSELECT+ [25], LENSELECT [58], ToucHRAY [32], CLOCKRAY [60],
redirected rays [17], and freehand pointing selection techniques
[45]. Additionally, ray metaphors can also be augmented by scene
context [56], minimap grabbing selections [29], and eye gaze [9]
for occluded object selection tasks.

One prominent approach among these techniques is the Disc Pro-
jective Interactive Map (DiscPIM) [29], which dynamically projects
occluded targets on a disc-shaped mini-map. This preserves the
original spatial relationship and remaps dense occluded objects
onto the mini-map to make them sparse. According to Maslych
et al. [29], D1scPIM outperformed the previously best-performing
technique GRAVITYZONE+ and results in lower average trial time
compared with CYLINDERPIM proposed in the same paper. Based on
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its state-of-the-art performance and representative minimap-based
disocclusion strategy which reduces user effort and offers direct
manipulation in complex scenes, we have selected DiscPIM to con-
trast meaningfully with language-based methods in our evaluation
of different modalities in VR object selection tasks.

2.2 Multimodal Interaction Techniques

Back in 1980, Richard Bolt proposed “Put-That-There" [4], a voice
and gesture multimodal interface for placing elements on a graphics
display. The work became an example of how the speech modality
could be applied in conjunction with other referencing modalities
and inspired subsequent works. In 1999, Sharon Oviatt summa-
rized ten myths in multimodal interaction [35]. In 2004, Reeves
et al. proposed a set of guidelines for the design of multimodal
interfaces [42]. Olwal et al. [33] proposed how prosodic features of
speech and audio localization could be applied in interactive appli-
cations. During this period, Oviatt et al. [36] suggested that users
spontaneously shift to multimodal communication when task load
increases, ultimately reaching a mix of unimodal and multimodal
communication patterns, which is also observed in our study when
participants switched from single to multi-object selection tasks.
Later in 2013, Schiissel et al. [44] studied influencing factors of
multimodal interaction and found a strong predominance in touch
single modality input, and a rare occurrence in multimodal inputs
for easy selection tasks. Turk [52] outlined challenges in sensing,
recognition, usability, interaction, and privacy for multimodal HCI
interface design. Recent reviews [23, 39, 41] summarize the growing
role of multimodal interfaces in virtual and augmented reality.

For the speech interaction modality specifically, Clark et al. [13]
conducted a thematic review of speech interfaces in HCI. Weif} et al.
[57] compared 2D/3D/speech interfaces in VR, finding speech prone
to usage, parsing, and recognition errors, but easy to learn for text-
heavy tasks. More recent work focuses on design for accessibility
[28], natural conversation [24], and testing tools [19].

Dual-modality input, especially combining speech and pointing,
offers a flexible alternative to purely spatial techniques by enabling
users to leverage natural language for object referencing [4, 51].
Speech input can provide semantic descriptions, disambiguate tar-
gets, or express complex selection intents that may be difficult to
convey visually. When combined with pointing (e.g., raycasting),
this approach supports precise spatial selection of targets which
can’t be verbally referenced easily. This paper focuses on the in-
teraction aspect of speech and raycast dual-modality systems to
study the performance and experience of users in VR object se-
lection tasks, which complements previous works on speech and
multimodal interaction.

2.3 Language Models and Applications in 3DUI

Transformer-based language models enable intent/entity recog-
nition from natural language input. BERT [16] achieved state-of-
the-art performance and has been used in joint intent-slot models
[12], speech-based classification [22], and named entity recogni-
tion [7, 47]. BERT offers customizability and interpretability via
intermediate outputs.

In contrast to transformer-based NLP models like BERT, general-
purpose large language models (LLMs) like GPT-4 [34] can generate
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human-like responses. Classic multimodal exemplars such as “Put-
That-There” [4] rely on speech but were restricted by technological
limitations at the time. More recent works explored the integration
of natural language interfaces and spatial interaction within immer-
sive environments. For instance, De La Torre et al. [15] introduced
LLMR, a system enabling real-time prompting of interactive worlds
through large language models, while Giunchi et al. [18] proposed
DreamCodeVR, which empowers users to design object behaviors
in VR using voice-driven programming. Yin et al. [61] developed a
text-to-scene generation system for VR, highlighting the growing
relevance of semantic input in immersive creation workflows. Tang
et al. [50] provided a comprehensive review of LLMs in extended
reality (XR), underscoring the increasing maturity of such tech-
niques for XR applications. These systems show that LLM-driven
interfaces can augment or replace traditional controller input in
immersive environments, especially for high-level interaction tasks.

However, as LLM-based systems face issues such as low trans-
parency [65] and limited customizability [11], this paper does not
adopt the state-of-the-art general-purpose LLMs to process user
speech input. Instead, we follow Chen et al. [10] and adopt an
off-the-shelf Azure Conversational Language Understanding (CLU)
model!, a customizable language model to process natural language
input from the user, as the model is easy to train and evaluate, while
providing high accuracy and greater control in intent and entity
recognition tasks. The structured output from the model also al-
lows us to seamlessly integrate the CLU model with the interactive
system in the 3D scene.

In this paper, we demonstrate how lightweight NLP tools can
enhance occluded object selection in VR and compare it against
a mini-map approach to tease out the strengths and weaknesses
of both techniques to propose design recommendations, thereby
contributing to the research community’s understanding of object
selection tasks in VR.

3 Interaction Techniques
3.1 Disocclusion Mini-Map (DiscPIM)

DiscPIM is designed to address the common problem of selecting
occluded or hidden objects in virtual reality environments. Instead
of relying solely on the main first-person view, DiscPIM displays
objects within a cone-shaped highlighter on a flat mini-map. The
location of objects on the mini-map is updated in real-time by
projecting the original object position on the coordinate system
of the hand which holds the cone-shaped highlighter. This allows
users to see objects further behind in the cone-shaped highlighter
which may be occluded by objects in front.

To select an object, users can press and hold the left controller
trigger button. This allows the mini-map to be updated with objects
currently within the cone-shape highlighter attached to the left
controller. Upon releasing the trigger button, the mini-map “freezes”
and objects can be selected by hovering the right controller over ob-
jects on the mini-map and by pressing the right controller grabbing
button to select. If multiple objects overlap on the mini-map, the
user can hover the right controller over these overlapping objects

'Source:  https://azure.microsoft.com/en-us/products/ai-services/conversational-
language-understanding.
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Figure 2: Selecting objects with DiscPIM directly from the
mini-map (left) and the mini-map circumference (right).

~A
Figure 3: Draggable panel of AssisTVR which displays the
recognized speech and a list of names and 3D previews of
all selected objects. Here, the user states ‘Select all purple
spheres’, and all four purple spheres in the scene are selected.

and press the right controller trigger button to “freeze” the overlap-
ping objects in slots on the circumference of the mini-map. In this
case, the objects can be selected by hovering the right controller
on objects on the circumference and by pressing the right grabbing
button to select. Figure 2 provides an illustration of how objects
can be selected with D1scPIM directly from the mini-map (left) and
from the mini-map circumference (right).

3.2 Speech-and-Pointing (AssistVR)

AssisTVR is a dual-modality selection technique combining a speech-
based interface powered by Microsoft Azure CLU with a raycast-
based selection method. We detail the implementation below.

3.2.1 Speech-based Selection. We adopted the AssisTVR workflow
proposed by Chen et al. [10], except for the following differences:
(1) Only Azure Conversational Language Understanding (CLU) is
involved, and GPT-4o0 is not included in the workflow; (2) The
predefined intents include ‘Select’, ‘CancelAll’, and ‘None’, while
the key entities include ‘Original Color’ and ‘Original Shape’.

In the training phase, the first step is to select data and define
intents and entities. As the task focuses on object selection, we
focused on the following three intents: ‘Select’, ‘Cancel All’, and
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‘None’. The second step is to create the training set by suggesting
typical utterances for each intent and label all entities that appear
in each utterance. For example, an utterance such as: ‘Select the
purple cube’ would belong to the ‘Select’ intent, with ‘purple’ la-
beled as ‘Original Color’ and ‘cube’ labeled as ‘Original Shape’. The
entire dataset consists of 51 utterances for the ‘Select’ intent, and 6
utterances for the ‘CancelAll’ intent. The complete set of utterances
together with the labeled intents and entities for the training and
test set can be found as a JSON file? in the ‘Supplemental Materi-
als’ folder on OSF. Subsequently, the model is trained, and several
rounds of improvement are made. Finally, the model is deployed
on the Azure cloud server.

In the deployment phase, the user presses a button on the con-
troller and speaks to the system via the VR headset. The Azure text-
to-speech service then transcribes audio input into text. Requests
are posted by Unity via the Azure API to upload the recognized user
speech input to the model. The model then outputs the prediction
in JSON format, which contains information on the most likely
intent, recognized entities, and their confidence scores. Based on
this model output data, a Unity C# post-processing script parses
all selectable objects and retrieves the object material name. For
commands with intent ‘Select’, If the user command contains only
the ‘Original Color’ or the ‘Original Shape’ entity, all objects whose
material contains the color or shape property are selected. If the
user command contains both the ‘Original Color’ and ‘Original
Shape’ entity, all objects whose material contains the color and
shape property are selected. If the intent is ‘CancelAll’, all objects
are deselected. If the intent is ‘None’, no action is performed.

Throughout the object selection process, all selected objects
are displayed on a draggable panel (Figure 3) and are highlighted
in green, both on the panel and in the 3D scene, to provide visual
feedback to the user. When objects are deselected, they are removed
from the panel. In addition to selected objects, the draggable panel
also displays the recognized speech of the user. If the speech is not
recognized, this is also conveyed to the user via the panel.

3.2.2  Raycast-based Selection. As speech-based interfaces have the
limitation of being prone to errors [49, 57] and usability tends to
improve if speech-based interfaces are used in conjunction with tra-
ditional interfaces [4, 49], we complement speech-based selection
with a raycast technique to enable users to make fine-grained and
precise selections/deselections. Here, the speech and raycast modal-
ities are used separately without information exchange between
them, hence the term dual-modality. Users are able to select/deselect
objects hit by the ray which is cast from the right controller by press-
ing the trigger button. Selected objects are highlighted in green,
while deselected objects are highlighted in red. When the ray moves
away from a deselected object, the red highlight is removed. For
selected objects, the green highlight is preserved even when the
ray is directed away. As with objects selected using speech, objects
selected using raycast also appear on the draggable panel with their
names and green outlines.

2The JSON file can be imported as a Conversational Language Understanding project
to Azure to recover the project.
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4 Study Design

The user study aims to evaluate and compare user performance, user
experience, and usability of the speech and raycast dual-modality
3D object selection technique (AssisTVR) and the disocclusion
mini-map technique (DiscPIM) under different scene perplexity
conditions and different numbers of target objects to identify per-
formance crossover points and propose design recommendations.
This study design follows established works [21, 29] to study both
subjective workload and measured performance under scene se-
tups with different visual complexity conditions which can yield
different results. In our study, “scene perplexity" refers to whether
or not users are familiar with the the object category and object
property. A detailed explanation is provided in Section 4.1. This
section introduces the design of the user study, which follows rec-
ommendations and guidelines proposed by Bergstrém et al. [3]. For
example, we choose selection speed as the main dependent vari-
able, recruit 24 participants, use a fixed starting position, and use
three independent variables (technique, number of target objects,
and scene perplexity condition). To facilitate comparison with the
baseline technique DiscPIM [29], several elements of the experi-
ment setup (such as the red/green button in front of the user, the
yellow search region, the black background, and the search space
dimensions) follow the setup proposed by Maslych et al. [29]. As
during all study trials for DiscPIM [29] the target object was a
magenta sphere and none of the distractor objects shared the same
appearance as the target, we followed this setup to make the target
object visually distinguishable from other distractor objects and
make its name known to the user prior to the study.

4.1 Design

We adopt a within-subjects design to evaluate the performance of
AssisTVR [10] and DiscPIM [29] in three levels of scene perplexity
conditions (Low, MEprum, and HigH), as well as three levels of
target objects (1TARGET, 2TARGET, and 4TARGET). The scene per-
plexity is reflected by the number of object categories and object
properties which can easily be referenced verbally. Examples of
the Low, MEDIUM, and HIGH scene perplexity conditions can be
found in Figure 1. In the user study, there are eight different object
categories (of which four were easily recognizable by users and four
were more difficult) and eight different textures to reflect different
object properties (four were easily recognizable and four were more
difficult). There are considerable differences between the known
and unknown object categories and textures—a study with 21 par-
ticipants prior to the study provides statistical evidence for the
categorization of known and unknown objects’ shapes and colors.
Details of the survey findings can be found in the online appendix.
Before the study, the names of all objects and textures are briefed to
the participant to simulate real-world use cases where users have
access to object names when using a speech-based system.

The Low perplexity condition consists of four easily-identifiable
object shapes (cube, sphere, cylinder, and pyramid) and four easily-
identifiable colors (purple, blue, green, and red). The MEDIUM per-
plexity condition consists of two easily-identifiable object shapes
(cube and sphere) and two object shapes which are more diffi-
cult to identify (barrel and pyramid cuboid), as well as two easily-
identifiable colors (purple and blue) and two colors that are more
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difficult to identify (purple pattern and white pattern). The Higa
perplexity condition consisted of four object shapes which are
difficult to identify (barrel, cross, pyramid cuboid, and truncated
cylinder) and four colors which are difficult to identify (purple pat-
tern, white pattern, yellow pattern, and blue pattern). The order of
the two techniques and the order of the perplexity conditions are
both counterbalanced across all 24 participants.

The object density of distractor objects remains the same through-
out all experiments. In each scene perplexity level, 120 distractor
objects are scattered within the environment of 20 meters in depth,
10 meters in width, and 5 meters in height in front of the user.
Including the varying number of 1, 2, or 4 target objects, the total
number of objects is 121, 122, or 124. The object shape and color of
all objects depends on the scene perplexity level. Within each per-
plexity level, the shape, color, position, and orientation of distractor
objects remains the same for different target objects.

4.2 Task

The task involves using the speech and raycast dual-modality tech-
nique (AssisTVR), or the baseline mini-map occluded object selec-
tion technique D1scPIM [29] to select different numbers of target
objects (1, 2, or 4 targets) among a set of selectable objects. For
Ass1STVR, participants had the freedom to use only the speech
modality, or only the raycast modality, or a combination of speech
and raycast in each trial. First-person views of both techniques
in the task are shown in Figure 1. At the beginning of each trial,
the user directs both the left and right raycast at a red button in
front of the user>. Upon pressing both triggers simultaneously to
start the trial, the red button becomes green, the timer starts, and a
home object* encapsulated within a semi-transparent sphere ap-
pears to the left of the user. At the same time, the target object(s), a
yellow search region, together with 120 distractor objects appear
within the 10mx5mx20m search space in front of the user. The
shape and color of the target object(s) are randomly drawn from
the set of 4 object shapes and 4 colors determined by the scene
perplexity condition. Next, the participant uses the object selection
technique to select a certain number of targets specified by the
NUMTARGETS condition. If an error occurs, participants are allowed
to deselect and select again. Finally, they press Button “B” on the
right controller to confirm the selection. This stops the timer for
trial completion time, and participants move on to the next trial if
the selection is correct, that is, if and only if all target objects are
selected and all selected objects are targets.

The time difference between starting the trial and users making
the confirmation is recorded as the trial completion time. Following
prior work[29, 64], users are asked to repeat the same selection
under the exactly same conditions after completion of the first
selection trial. In this paper, we refer to these two tasks as the
search trial and the repeat trial.

In summary, the study for each participant consists of 18 combi-
nations of independent variables (2 TECHNIQUES X 3 PERPLEXITIES
X 3 NUMTARGETS). Participants complete the first half of the study
with one technique, then complete the first half of the questionnaire,

3This step ensures that the user’s raycast direction remains the same at the beginning
of all trials [29]

“4The home object is identical to the target object, which also serves to inform the user
which object to select.
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before moving on to the second technique and the second half of
the questionnaire. Within each technique, participants complete
trials under all three scene perplexities. Within each PERPLEXITY
condition, participants complete all three NUMTARGETS conditions.
Within each combination of TECHNIQUE, PERPLEXITY, and NUM-
TARGETS, the participant completes three sets of one search trial
followed by one repeat trial.

4.3 Participants and Apparatus

An a priori power analysis using G*Power 3.1 with an effect size
of 0.25, ¢ = 0.05, a desired power of 0.8, a correlation of 0.5 among
repeated measures, and nonsphericity correction ¢ = 1 revealed a
sample size of 34 for 2 measurements to explain the TECHNIQUE
main effect and a sample size of 19 for 6 measurements to explain
the TECHNIQUEXNUMTARGETS and TECHNIQUEXPERPLEXITY inter-
action effects, and a sample size of 10 for 18 measurements to
explain the TECHNIQUEXNUMTARGETSXPERPLEXITY interaction ef-
fect. The final sample size follows object selection study guidelines
[3] and is a compromise between feasibility, statistical power, and
counterbalancing requirements.

We recruited 24 participants (16 males and 8 females) aged be-
tween 18 and 33 (M = 24.3 + 4.46). All participants were right-
handed and had normal or corrected-to-normal vision. Around
50% of participants were familiar with head-mounted VR. All par-
ticipants understood and spoke English, with around 58% native
English speakers. None of the participants reported any known
visual, auditory, or physical disability. During the experiment, par-
ticipants wore an Oculus Quest 2 headset and held the left and right
controllers. The headset was connected to a Windows 10 laptop PC
(Intel i5-9300H CPU, 16GB memory, and GTX 1050 graphics card)
via cable. Virtual scenes were implemented with Unity 3D (Version
2020.3.47f1) and publicly available online asset resources.

4.4 Procedure

Before the study, participants were asked to review an information
sheet and sign a consent form. After the collection of basic demo-
graphic information, participants were then asked to familiarize
themselves with the Oculus Quest 2 headset and controllers. Next,
we provided an overview of the study procedure and the tasks
they were asked to complete using images and verbal introduction,
which included explaining that the experiment will consist of using
two techniques to perform object selection, and each technique
consisted of three perplexity conditions, where each combination
of TECHNIQUE and PERPLEXITY consisted of three sets of a search
trial and a repeat trial. We then demonstrated the usage of the two
techniques to each participant. Participants had the opportunity to
ask questions. Subsequently, participants had the opportunity to
practice completing the trials with the two techniques under the
MEep1UM PERPLEXITY condition.

After familiarization, participants completed three sets of search
and repeat trials for each perplexity level and each number of targets
using one of the two techniques, before having a five-minute break
and completing another three sets for each perplexity level and each
number of targets with the other technique. Throughout the exper-
iment, the order of techniques was alternated across participants.
For each technique, each participant completed three blocks each
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with a different perplexity level. Within each block, participants
completed three NUMTARGETS conditions. Within each combination
of TECHNIQUEXNUMTARGETSXPERPLEXITY, participants completed
three sets of search-repeat trials. Across all 24 participants, the se-
quence of NUMTARGETs was rotated within each block and the
sequence of PERPLEXITY was rotated across different blocks. The
complete study sequence is provided in the online appendix. In each
trial, participants completed a search task followed by a repeat task.
Specifically, they pointed the left and right raycast at the ‘Start’
button and pressed the left and right trigger simultaneously to start
a 3-second countdown to start the search task. Users use AssisTVR
or D1scPIM [29] to select the target object(s). If the selection is
correct, the timer will stop and the scene will reset. Users will then
need to trigger the ‘Start’ button again to begin the repeat task. If
the selection is incorrect, the system will play a tone to prompt the
user to try again, and the total number of attempts will be recorded.
In the subsequent repeat task, the procedure is the same, except that
the object positions are exactly the same as in the search task, which
are no longer randomly generated. After the search and repeat tasks,
a new target object is drawn and placed at a new position, but the
distractor objects remain at the same position.

After completing all trials for each technique, the participants
were asked to complete SUS [6] and NASA-TLX [20] surveys. Fol-
lowing prior work [64], perceived user experience was measured us-
ing the short version of User Experience Questionnaire (UEQ-S) [43]
on a 7-point scale. The surveys were followed by a five-minute
break before progressing to the next technique. After completing
trials for both techniques, participants were asked to rank the tech-
niques based on their overall preference and provide feedback and
comments on the features they preferred and disliked. The study
took around 1.5 hours in total, and participants were compensated
with a £15 Amazon voucher for their time. The study is approved
by the ethics committee in the Department of Engineering at the
University of Cambridge.

5 Results

Statistical significance tests on trial completion time were carried
out using a repeated measures analysis of variance (RM-ANOVA)
with Holm-Bonferroni adjustments for the post-hoc tests. Task load,
system usability, and user experience ratings were analyzed with
non-parametric Wilcoxon signed-rank tests.

5.1 Trial Completion Time

During the study, we recorded the trial completion time as an indi-
cator for object selection performance for both search and repeat
tasks under all combinations of TECHNIQUE, PERPLEXITY, and NUM-
TARGETs conditions as a quantitative measure of user performance
in the object selection task. Across all object selection trials, partic-
ipants spent an average of 12.8 minutes (SD = 3.44) with AssisTVR
and an average of 17.5 minutes with DiscPIM (SD = 4.72). In total,
2592 data points were collected (24 participants X 2 TECHNIQUES
X 3 PERPLEXITIES X 3 NUMTARGETS X 2 tasks X 3 repetitions). In
line with prior work [29], we removed 32 outlier data points (1.23%)
where the trial completion time was more than 4 standard devia-
tions away from the mean in each condition. We did not discard
trials which took participants more than one attempt to complete.
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Table 1: RM-ANOVA results for the trial completion time of both the search and repeat task after applying the Aligned Rank
Transform. Gray rows show significant findings. T = INTERACTION TECHNIQUE, N = NUMBER OF TARGETS, P = SCENE PERPLEXITY.

Search Task Repeat Task
dfi| dfs F p g dfi| dfs F P g
T 1 391 48.012 < .001 11 1 391 133.628 | < .001 | 0.25
N 2 391 144.421 | < .001 42 2 391 282.899 | <.001 | 0.59
P 2 391 21.596 < .001 .10 2 391 31.541 <.001 | 0.14
TxN 2 391 67.158 < .001 .26 2 391 85.130 < .001 .30
TxP 2 391 .193 .825 < .001 2 391 .548 .579 .003
TXNXP 4 391 1.363 .246 .01 4 391 .790 .532 .008

As each participant is exposed to all conditions, a repeated-measures
ANOVA (RM-ANOVA) test was conducted on both the search and
repeat trial completion time data to determine whether significant
differences existed in trial completion time across different con-
ditions. The trial completion time was not normally distributed
(Shapiro-Wilk p < .001), so Aligned Rank Transform [59] was
applied before conducting RM-ANOVA. Search and repeat trial
times were analyzed separately, and ART-C [59] was applied before
running pairwise comparisons with Bonferroni adjustment.

Table 1 presents the RM-ANOVA results on search and repeat
trial completion time for the independent variables TECHNIQUE,
NUMTARGETS, and PERPLEXITY, together with interaction terms.
Degrees of freedom and effect sizes are derived and reported based
on results from the ART-C procedure [59] and may differ from
classical RM-ANOVA values.

5.1.1 Main Effect of TECHNIQUE. Results revealed a significant
main effect of TECHNIQUE on the search (F1,391 = 48.012, qf, = .11,
p < .001) and repeat (F1,391 = 133.628, 77?, = .25, p < .001) trial com-
pletion time. Post-hoc tests with Bonferroni adjustment suggested
that participants took significantly less time (p < .001) to complete
the search task using AssisTVR (M = 16.9, SD = 9.79) as opposed
to using D1scPIM (M = 22.1, SD = 16.3). For the repeat task, partic-
ipants also took significantly less time (p < .001) with AssisTVR
(M = 10.1, SD = 5.73) compared with using DiscPIM (M = 14.3,
SD = 9.33). Here, results for the main effect of TECHNIQUE are
averaged over NUMTARGETS and PERPLEXITY.

5.1.2  Main Effect of NUMTARGETs. Results revealed a significant
main effect of NUMTARGETS on the search (Fz 391 = 144.421, 1712, =
42, p < .001) and repeat (F2 391 = 282.899, r]f, = .59, p < .001)
trial completion time. Post-hoc tests with Bonferroni adjustment
revealed that for the search task, significant differences (p < .001)
existed between all pairwise comparisons of the 1TARGET (M =
11.9, SD = 7.02), 2TARGETS (M = 18.7, SD = 11.8), and 4TARGETS
(M = 27.9, SD = 15.7) conditions. For the repeat task, significant
differences (p < .001) also existed between all pairwise comparisons
of the 1TARGET (M = 7.09, SD = 3.32), 2TARGETS (M = 11.5, SD =
5.29), and 4TARGETS (M = 17.9, SD = 9.72) conditions.

5.1.3  Main Effect of PErRPLEXITY. Results revealed a significant main
effect of PERPLEXITY on the search (F2391 = 21.596, 17?, =.10,p <
.001) and repeat (F,391 = 31.541, 77;2‘, = .14, p < .001) trial completion
time. Post-hoc tests with Bonferroni adjustment also revealed that
search trial completion time was significantly different between
the HigH perplexity condition (M = 23.4, SD = 16.1) and the Low

perplexity condition (M = 16.5, SD = 11.2) (p < .001), between the
HicH and MEDIUM perplexity condition (M = 18.6, SD = 12.3) (p <
.05), but not between the Low and MEDIUM perplexity condition
(p = .060). Repeat trial completion time was significantly different
between the HIGH perplexity condition (M = 14.4, SD = 9.58) and
the Low perplexity condition (M = 10.4, SD = 6.75) (p < .001),
between the HicH and MEDIUM perplexity condition (M = 11.7,
SD = 6.90) (p < .001), as well as between the Low and MEDIUM
perplexity condition (p < .05).

5.1.4 Interaction Effect of TECHNIQUE X NUMTARGETS. Figure 4
(left) shows the search and repeat trial completion time of differ-
ent TECHNIQUE and NUMTARGETS combinations. RM-ANOVA tests
revealed a significant interaction effect of TECHNIQUE X NUMTAR-
GETSs on the search (F2,391 = 67.158, 1712, = .26, p < .001) and repeat

(F2,301 = 85.130, 7712, = .30, p < .001) trial completion time. For the
AssisTVR technique, post-hoc tests with Bonferroni adjustment
did not reveal significant differences in search trial completion time
between the 1TARGET and 2TARGETs condition (p = 1.0) or the
2TARGETs and 4TARGETS condition (p = .467), but did reveal sig-
nificant differences between the 1TARGET and 4TARGETS condition
(p < .05). Significant differences were also found in repeat trial
completion time between the 1TARGET and 2TARGETS (p < .05) and
1TARGET and 4TARGETS (p < .001) conditions, as well as between
the 2TARGETS and 4TARGETS (p < .001) condition.

For the D1scPIM technique, post-hoc tests revealed a significant
difference in search and repeat trial completion time when the
number of targets varied (p < .001 for all pairwise comparisons of
NUMTARGETS conditions in both search and repeat tasks).

Comparing the trial completion time between AssisTVR and
DiscPIM under different NUMTARGETs conditions, post-hoc com-
parisons revealed that in the search task, DiscPIM (M = 9.34,
SD = 4.62) was significantly faster than AssisTVR (M = 14.5,
SD = 8.03) under the 1TARGET condition (p < .001), but AssiISTVR
(M = 19.8, SD = 11.6) was significantly faster than DiscPIM
(M = 35.9,SD = 15.1) under the 4TARGETS condition (p < .001). The
difference in search trial completion time between both techniques
is not significant under the 2TARGET condition (p = .077). In the
repeat task, AssisSTVR (M = 9.96, SD = 5.02) was significantly faster
than DiscPIM (M = 13.0, SD = 5.13) under the 2TARGETS condition
(p < .001). AssisTVR (M = 12.5, SD = 6.81) was also significantly
faster than DiscPIM (M = 23.3, SD = 9.23) under the 4TARGETS
condition (p < .001). However, AssisSTVR (M = 7.74, SD = 4.01)
was significantly slower than DiscPIM (M = 6.43, SD = 2.30) in
the 1TARGET condition (p < .05).
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Figure 4: Trial completion time (seconds) for each technique across search and repeat trial types for each NUMTARGETS condition
(left) and each PERPLEXITY condition (right), with 95% confidence intervals of the mean estimate.

Table 2: Wilcoxon signed-rank test pairwise comparison results of NASA-TLX scores, SUS scores, and UEQ-S scores and their
subcategories (if any) between both TECHNIQUES. Gray rows show significant findings. The Wilcoxon Statistic W, statistical
significance p, and effect size r are reported, where r = z/VN. A negative effect size indicates that the mean rating of AssisTVR

is higher than that of DiscPIM.

NASA-TLX Scores SUS Scores UEQ-S Scores
w P r w P r w P r

Overall 59.5 | <.05| .461 Overall 157 | .853 | -0.038 Overall | 106.5| .346 197

Mental 76.0 | .103 | .348 Pragmatic| 176.5| .457 | -.152

Physical 55.5 | <.05| .491 Hedonic | 64.5 | < .05 | .496
Temporal 2.0 | <.05 .828
Performance | 97.5 | .935 | -.019
Effort 37.5 | <.05| .593
Frustration | 119.5| .903 | -.027

5.1.5 Interaction Effect of TECHNIQUE X PERPLEXITY. Figure 4 (right)
presents bar plots of the search and repeat trial completion time for
different combinations of TECHNIQUE and PERPLEXITY conditions.
RM-ANOVA tests did not reveal a significant interaction effect
of TECHNIQUE X PERPLEXITY on either the search (F2391 = .193,
my < 001, p = .825) or repeat (F301 = .548, 15, = .003, p = .579)
trial completion time.

5.1.6  Interaction Effect of TECHNIQUE X NUMTARGETS X PERPLEXITY.
The interaction effect of TECHNIQUE X NUMTARGETS X PERPLEXITY
was not significant on either the search (Fs 391 = 1.363, 1712, =.01,p=
.246) or repeat (F4391 = .790, 7712, =.008, p = .532) trial completion
time.

5.2 Task Load

A Wilcoxon signed rank test on the NASA-TLX ratings (unweighted
version) [20] revealed that the overall task load rating of AssiSTVR
(M = 4.06, SD = 1.71) was significantly lower (W = 59.5, p < .05,
r = .461) than that of DiscPIM (M = 4.94, SD = 1.72). Results are
summarized in Table 2.

5.3 System Usability

A Wilcoxon signed rank test on the system usability scale [6] did
not reveal any significant differences (W = 157, p = .853,r = —.038)

between AssiSTVR (M = 71.0, SD = 14.4) and DiscPIM (M = 68.0,
SD = 23.0). Results are summarized in Table 2.

5.4 User Experience

Wilcoxon signed rank tests on the short version User Experience
Questionnaire (UEQ-S) ratings did not reveal a significant differ-
ence (W = 106.5, p = .346, r = .197) in the overall UEQ-S score
between AssisTVR (M = .547, SD = 1.23) and DiscPIM (M = .880,
SD = 1.07). For the subcategories of the UEQ-S ratings, significant
differences (W = 64.5, p < .05, r = .496) were found in the HEDONIC
quality between AssisTVR (M = —0.021, SD = 1.61) and DiscPIM
(M = .958, SD = 1.16), but not in the PRAGMATIC quality (W = 176.5,
p =.457, r = —.152) between AssisSTVR (M = 1.11, SD = 1.21) and
DiscPIM (M = .802, SD = 1.37). Results are summarized in Table 2.

5.5 Overall Preference and Open Comments

In the post-experience questionnaire, we asked participants about
their overall preference among the two techniques and invited them
to leave comments about features they liked/disliked. Among all 24
participants, 13 preferred AssisTVR, while 11 preferred DiscPIM.
For the AssisTVR technique, participants liked the fact that it
was easy to use (P7), efficient (P10, P20, P21, P22), and allowed
‘selecting multiple objects in one go’ (P2, P14), and participants
could select objects without knowing where the object is (P13, P14,
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Table 3: Empirically derived tradeoffs between AssisTVR and DiscPIM.

Aspect

Speech-and-Pointing (AssisTVR)

Disocclusion Mini-map (D1scPIM)

Task Completion Time

Workload (NASA-TLX)

System Usability (SUS)

User Experience (UEQ-S)

Significantly faster with 2 targets (p < .05) and 4 targets (p <
.001), also demonstrated in trial completion time of individuals
(P10, P20, P21, P22) who reported AssisTVR being more efficient.

Significantly lower (p < .05). P13, P14, P15, P23 reported As-
s1sTVR allows selection without having to know object location.

Moderately higher but not significantly different. P7 reported
‘easy to use’.

Moderately worse but not significantly different. AssisTVR has
a limited number of supported speech commands (P5), requires
remembering object names (P12, P13, P14, P19), and is sensitive

Faster with single target selection (p < .05). Speech recognition
errors (P1, P2, P7, P11, P13, P21, P24) and delay in speech pro-
cessing (P20) were reported for AssisTVR.

Significantly higher. Participants found D1iscPIM tedious (P1),
annoying (P2), and a bit tricky and boring for multi-object
selection (P5).

Moderately lower. DiscPIM can be time-consuming (P4), and
slow when occlusion is not present (P20, P21).

Moderately better. Participants found DiscPIM fun (P14), intu-
itive (P7, P12), and more engaging (P4), providing a better sense
of control and direct manipulation (P1, P2, P5, P19).

to command structure (P5, P23).

P15, P23), or moving their hands to execute any action (P12). P19
also found that ‘the combination of speech and raycast stroke a
nice balance’, as raycast was more efficient for selecting one or two
visible objects and voice selection helped to select multiple objects.

Participants disliked the fact that AssisTVR ‘did not support
many commands’ (P5). Further, speech recognition sometimes failed
and the command was not executed correctly (P1, P2, P7, P11, P13,
P21, P24). Consequently, the system ‘either doesn’t select anything
or selects wrong objects’ (P19), which led to frustration (P7) and
loss of trust (P19). Specifically, P8, P12, P21, P22 commented that
speech recognition was sensitive to accent, without the capabil-
ity to auto-correct recognized speech based on the context (P22),
which repeatedly led to errors. For example, P12 (non-native Eng-
lish speaker) noted that ‘sphere’ was often misrecognized as ‘Sofia’,
while P21 (native, Scottish accent) noted that ‘cuboid’ was often
misrecognized as ‘keyboard’. Some participants found it somewhat
difficult to remember object names (P12, P13, P14, P19). Sometimes
participants had to repeat several times before getting the speech
command right (P5, P23). P20 also commented that the time it
takes to speak and the slight delay in speech processing makes
it sometimes faster to engage in manual selection as opposed to
using speech. P24 also suggested that the DESELECT function could
deselect a specific object, rather than deselecting all objects.

For Di1scPIM, participants liked the fact that the design of the
torch and mini-map felt ‘fun’ (P14) and ‘intuitive’ (P7, P12) and
the mini-map freezes to provide direct visual feedback (P15, P16),
which gives users a better sense of control and direct manipulation
(P1, P2, P5, P19), and improves selection accuracy (P18). It ‘makes
objects far away easier to see’ (P23), allowing users to focus on a
complicated region with many occluded objects (P10), without the
need to know the object’s name (P13). P4 also found DiscPIM to be
‘more engaging and less repetitive than speech recognition’.

Regarding limitations, participants found DiscPIM to be ‘tedious’
(P1), ‘annoying’ (P2), ‘tricky and boring’ (P5), and ‘slower’ (P14)
when there are many targets. P4 found the technique ‘tiring for the
eyes’ and ‘time consuming’. P19 suggested that the mini-map object
expansion list could appear closer to the left hand or allow users to
customize the position. Otherwise, users would need to raise the
head to look at it, making it inconvenient. P20 and P21 commented

that the benefits brought by D1scPIM is situational and it could
slow down the search process when there is not much occlusion.

6 Discussion

Based on existing techniques using ray-based metaphors [14, 17,
25, 29, 32, 58, 60, 64], gestures [45], and eye gaze [9, 46] for ob-
ject selection in VR, together with works studying speech interac-
tion [24, 28, 57], multimodal interaction [23, 39, 41] in immersive
technologies, as well as customizable purpose-built LLMs [11], we
have advanced the research community’s understanding of the
design of systems for object selection in VR by providing a compar-
ative analysis of Speech-and-Pointing (AssisTVR) and Disocclusion
Mini-Map (D1scPIM) techniques for object selection in virtual re-
ality, revealing important tradeoffs that inform design decisions
especially for occluded objects. The results highlight that neither
technique is universally superior. Instead, their effectiveness de-
pends on task complexity, target quantity, and user cognitive load.
Table 3 summarizes the tradeoffs of both techniques based on
quantitative and qualitative data from our empirical user study. The
mini-map technique (D1scPIM) enabled faster single-target selec-
tion with better user experience, which confirms its suitability for
simple tasks where users perform direct manipulation efficiently.
Due to lack of timestamped audio onset and action feedback data
as well as FPS data, we are unable to quantify processing delays in
Speech-and-Pointing (AssisTVR) and associate the longer single-
target selection times here to a specific cause. As scene perplexity
and target counts increased, the cognitive load associated with
selecting multiple targets became significant, possibly leading to
increased task completion time and perceived workload. Partici-
pants were allowed short breaks between different TECHNIQUE and
PERPLEXITY conditions to minimize discomfort. While full session
durations were not recorded, selection trials lasted 25-35 minutes
in total, which is in line with typical VR object selection studies [3].
However, fatigue may have affected user performance and per-
ceived load, particularly in 4-object selection tasks with D1scPIM,
as demonstrated by the high trial completion time in Figure 4 (left).
Such fatigue effects should be considered in future studies.
Speech-and-Pointing (AssisTVR) maintained lower overall per-
ceived load, supporting users in occluded object selection tasks
by leveraging natural language and raycast selections efficiently.
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Table 4: Design recommendations grounded in study results (in square brackets) for occluded object selection techniques in VR.

Design Factor

Recommendation

Scene Perplexity

Number of Targets
User Cognitive Load
Interaction Training

Speech Recognition

Speech Processing

User Agency

User Experience

Providing easy access to the names of objects can allow Speech-and-Pointing to outperform mini-map techniques even
when object names are long and difficult to pronounce [Section 5.1.1; Figure 4 (right)]

Favor DiscPIM for single-target selection and speech-and-pointing for multi-targets [Section 5.1.4]
Consider user mental workload; Speech-and-pointing reduces overall load in multi-object selection tasks [Section 5.2]
Provide training on speech commands and pointing; Familiarize users with mini-map selection [Section 5.5]

Ensure high-quality speech recognition (for example by leveraging contextual information in past conversations and
supporting recognition of different accents) to minimize user frustration in Speech-and-Pointing [Section 5.5]

Post-processing of recognized intents and entities should be robust to all types of user inputs [Section 5.5]

Speech-based interactive systems could ensure visibility of the mapping between speech commands and subsequent actions
of the system to allow users to have agency over the system [Section 5.5]

User experience could be improved via direct manipulation with rich visual feedback such as mini-maps and by making
speech interactions more engaging [Section 5.5]

While it supports significantly faster multi-selection of two or more
targets with significantly lower perceived workload and moderately
higher usability, users reported moderately worse user experience
compared to mini-maps which can be more fun and offer better
direct manipulation. Errors with speech recognition and processing
can also restrict the performance of speech-based techniques. For
example, non-native English speakers (P8, P12, P22) and native
speakers with regional accents (P21) highlighted recognition er-
rors, suggesting the need for more inclusive systems to support
contextual speech recognition for different accents. Based on these
findings, we suggest practical guidelines for VR designers in Table 4.
These guidelines are valuable for real use cases such as selecting
occluded anatomical structures in medical training or collabora-
tive 3D architectural design. These scenarios pose challenges due
to scene perplexity and number of targets, and require minimal
user load, low system latency, and robust speech recognition. We
acknowledge that the controlled study conditions such as known ob-
ject names and same type of targets in multi-selection trials assume
an ideal experimental environment but limit the generalizability
of findings in complex real-world VR applications, which may in-
volve complicated target object sets and dynamic environments. In
such cases, hybrid approaches which adopt speech-and-pointing
for rapid, coarse selection of multiple objects, complemented with
detailed precise adjustments based on minimap techniques hold
the potential for complex selection tasks. Through the preserved
spatial relation in minimap-based selection or semantic labels (e.g.,
‘Select the leftmost mug’) in speech and pointing, hybrid systems
can generalize to more complex environments and select a subset
of identical objects. Such hybrid systems could be helpful in ap-
plications such as selecting dynamic moving people or vehicles in
emergency response training, or selecting all walls in an indoor
scene in creative design. In data visualization, such a hybrid sys-
tem could also support quick category-based selections (e.g., select
all nodes with more than 5 edges). Future research could explore
adaptive multimodal systems that combine speech, pointing, and
visual aids like DiscPIM based on task context and user preferences.
Longitudinal studies may also reveal learning effects and evolving
user strategies in a complicated dynamic object selection task.

7 Conclusion

In this paper, we present a comparative evaluation of Speech-and-
Pointing (AssisTVR) and Disocclusion Mini-Map (D1scPIM) tech-
niques for occluded object selection in virtual reality across varying
scene perplexities and number of targets. Our findings reveal that
each technique offers distinct advantages and challenges depend-
ing on task demands. Disocclusion Mini-Maps excel in selection
tasks involving fewer targets, providing better user experience
and greater sense of control through direct manipulation via the
mini-map. In contrast, Speech-and-Pointing supports users better
in multi-object selection tasks by leveraging natural language and
direct raycast selection for efficient interaction.

Rather than advocating a single best solution, our results empha-
size the importance of understanding these tradeoffs to propose
recommendations which inform design decisions for occluded ob-
ject selection in different contexts. We encourage VR practitioners
to consider task perplexity, user workload, and target object char-
acteristics (including heterogeneity of target objects and number of
target objects) when selecting or combining interaction modalities.
Future work could explore adaptive and hybrid systems that dynam-
ically leverage the complementary strengths of these techniques to
enhance user performance and experience.

Supplemental Materials

Supplemental materials can be found at https://osf.i0/8g234/. These
include: (1) The pre-experiment survey and anonymized results,
(2) Questionnaire for the occluded object selection user study, (3)
Training and testing data for the Azure CLU system, (4) The online
appendix, and (5) The Unity project and analysis code.
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