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Fig. 1: @ A local AR user and a remote VR user are collaborating on a local object. A virtual replica of the object is generated from
images captured by the camera on the local user's HMD, and visualized for the remote user in real time. ( In the remote user’s
view, the shared object visualization adapts across four modalities, each prioritizing different aspects of Spatiality (S), Fidelity (F), and
Real-time performance (R), based on spatio-temporal contexts. The annotated bars beside each visualization modality indicate its
relative priority level in each aspect. View-Dependent-Video-Frames (VDVF) is consistently employed in proximal interactions at any
time, and also in distal interactions when the preferred 3D modality is unavailable. Delayed 3D modalities are used in distal interactions
when available, shifting from Coarse Mesh, Fine Mesh, to 3DGS regarding generation time.

Abstract—Mixed Reality (MR) telecollaboration aims to enable users to share local objects as real-time synchronized virtual replicas
to remote partners and collaborate on physical tasks as if they were co-located. However, in everyday scenarios with mobile and
easy-to-setup MR devices, visualizing shared objects in a single modality, ranging from 2D images to 3D reconstruction, struggles to
simultaneously optimize all the aspects of Spatiality, Fidelity, and Real-time performance. To overcome this issue, existing methods
explore integrating multiple visualization modalities to leverage their respective advantages in subsets of the three aspects. However,
they focus on fixed modality combinations without considering user-centered task contexts and workflow, where users may prioritize
different aspects of the visualization across task phases. Moreover, they lack support for switching or require manual switching across
modalities, which could become disruptive and tiring. In this paper, we propose adapting object visualization based on spatio-temporal
contexts in telecollaboration. Specifically, we first couple task type with the user’s relative viewing distance as the spatial context, and
examine its impact on users’ prioritized visualization aspects, and the corresponding switching thresholds. With differing generation
speeds of modalities, we then explore temporal switching schemes when the preferred modality is not immediately available. With the
obtained design choices, we implement CollabVisAdapt, a proof-of-concept prototype that supports automatic adaptation of object
visualization based on spatio-temporal contexts in MR telecollaboration. A user study in remote maintenance verifies the effectiveness

of the proposed workflow with adaptive visualization and the usability of the system.

Index Terms—Mixed reality, telecollaboration, spatio-temporal contexts, adaptive object visualization.
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MR telecollaboration allows remote users to work on an object that
is only co-located with one of the users as if they were physically
together. With the potential to significantly enhance the immersion and
efficiency of remote collaboration, it is increasingly gaining traction in
both industry and research in various applications such as education,
design, and maintenance.

One of the most critical challenges in telecollaboration is that, unlike
face-to-face collaboration, the shared object is not physically available
to remote users. It is thus expected to provide them a virtual replica
of the object that is 1) freely manipulatable and view-dependent (high
Spatiality), 2) of high visual Fidelity, and 3) generated and dynami-
cally updated in real time (high Real-time performance). To simul-
taneously optimize the visualization in these three aspects, existing
methods leverage volumetric capturing and reconstruction via specifi-
cally designed pipelines [31,43]. However, they mandate substantial
hardware resources and are thus too costly and complex for mobile
and everyday scenarios. Targeting these effortless-to-setup scenarios,
other solutions employ sparse RGB-D cameras and point cloud-based
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rendering [21,22,54]. They offer a certain level of spatiality, but often
suffer from rather lower fidelity compared to conventional 2D video-
based solutions. The advent of Neural Radiance Fields (NeRF) [39] and
3D Gaussian Splatting (3DGS) [24] supports photorealistic 3D object
reconstruction. However, the time-consuming training process, even
with significant acceleration [41] and optimization [44,49], remains
prohibitive for real-time high-fidelity reconstruction of dynamic objects,
especially with input views being typically sparse and uncontrolled in
MR. Furthermore, objects with complex textures and primarily planar
surfaces (e.g., screen contents, circuit boards) do not inherently require
3D modalities, which inefficiently consume limited computational re-
sources on mobile MR devices.

While the aforementioned visualization modalities can not simultane-
ously optimize Spatiality, Fidelity, and Real-time performance (S-F-R)
when singly employed in mobile setups, researchers explore mixing
multiple modalities to complement each other. They combine mesh
and 360° video to balance spatial perception and fidelity [19, 52] or
integrate point clouds with NeRF to handle both dynamic and static
objects [47]. However, the pre-defined rigid modality-function map-
pings limit accommodating flexible switching across modalities, as user
preferences for modalities could differ regarding collaboration contexts
(e.g., task phase and object structure), especially in MR [17,26], and
manual switching could increase cognitive load and disrupt collabo-
ration continuity. Similar autonomous switching techniques exist in
3D User Interface (UI) studies, where researchers exploit adaptation
of UI components based on user-centered contexts such as cognitive
load [35], head rotation and eye gaze [8,36,37], visual angle [63], and
response time [18] to improve task efficiency and reduce cognitive
load [6, 7]. Informed by this string of research, we explore applying
such adaptation to shared object visualization in telecollaboration. Ob-
serving that users constantly adjust viewing distance to monitor and
interact with the object for task-phase-specific demands, such as detail
checking and overview inspection, we couple relative viewing distance
and task type as the spatial context. This leads to our RQ1: How
does spatial context affect user prioritization across the S-F-R vi-
sualization aspects, and how to computationally adapt modalities
accordingly? To answer this question, we conduct our first user study
and find the most suitable and preferred modality across varying spatial
contexts and their corresponding adaptation thresholds.

In addition to spatial context, we need to further address modal-
ity adaptation according to temporal context. The generation of 3D
modalities incurs inevitable and variable latency, leading to situations
where some modalities, although being the most suitable and preferred
in the current spatial context, are not yet accessible. This thus leads
to our RQ2: How to adapt visualization modality with the exis-
tence of generation delays to facilitate collaboration? To answer
this question, we conduct the second user study to explore modality
switching schemes and find the “coarse-to-fine” strategy to best balance
efficiency and modality preference. Note that we focus on investigating
visualization modalities that span different regions within the S-F-R
design space considering MR telecollaboration in practice, instead of
comparing certain representations or specific methods. New techniques
could be seamlessly integrated into the adaptation framework regarding
their S-F-R characteristics.

With the design distilled from the two studies, we then imple-
ment CollabVisAdapt, a proof-of-concept prototype to demonstrate
MR telecollaboration with adaptive shared object visualization based
on spatio-temporal contexts. It consists of a telecollaboration com-
ponent, a hybrid visualization component, and a modality adaptation
component for generating and adapting the visualization. Users can
join the session using mobile and commodity MR HMDs. We conduct
ablation studies using the prototype to verify the effectiveness of the
proposed adaptation and evaluate the system. Results show that our
proposed system significantly improves the efficiency of telecollab-
oration. We also demonstrate the system’s practical applicability in
broader application scenarios.

The main contributions of this work are threefold.

* We identify the practical necessity of adapting shared object vi-
sualization modalities in real-time MR telecollaboration and for-

mulate a spatio-temporal context-aware adaptation paradigm to
facilitate telecollaboration workflow.

* Through two user studies, we examine user prioritization in the
S-F-R dimensions of visualization, and find the corresponding
modality switching thresholds regarding spatial context, and the
switching scheme with the existence of generation delays regard-
ing temporal context.

* With the obtained design choices, we build the CollabVisAdapt
proof-of-concept prototype system that implements the proposed
adaptation techniques, and conduct a comparative study to verify
the effectiveness of the system.

2 RELATED WORK
2.1 Object-Centered Telecollaboration

Object-centered remote collaboration is typically asymmetric, in which
the remote user has more knowledge about the object and task, while
the local user has a more comprehensive view of the workspace and can
directly interact with the physical object [14, 56, 67]. Therefore, it is
critical to enable the remote user to freely observe and manipulate the
virtual shared object with the same fidelity and real-time responsive-
ness as the local user. Traditional methods utilize video/audio-mediated
communication to share linguistic and visual cues between local users
and remote collaborators (typically remote experts) [11,29] for physi-
cal tasks. However, it lacks important non-verbal cues, such as depth
perception of the physical environment and authenticity of space and
objects [1,30,33,40,57]. To address these problems, immersive telecol-
laboration systems have emerged with the prevalence of AR/VR/MR
HMDs.

Existing methods support collaboration between local users and
remote assistants in 3D virtual environments, allowing enhanced
communication cues, e.g., annotations, 3D models, gaze, gestures,
and text, to be seamlessly integrated into real-world task scenarios
[19,43,45,47,61]. However, these methods often require additional
complex and expensive equipment, such as one [47,61] or multiple [43]
RGB-D cameras for capturing and reconstructing 3D virtual environ-
ments or objects. This prevents them from being scaled to enter daily
work and life, where users require a telecollaboration experience us-
ing easy-to-access, lightweight, and portable devices. We focus on
telecollaboration using solely MR HMD:s in this paper. Other research
explores using markers and annotations within a shared task view to
enhance remote collaboration performance [1, 12]. They do not focus
on the study of object visualization modalities, which is the main focus
of this paper.

2.2 Hybrid Object Visualization

To reduce the need for complex capture equipment for 3D model genera-
tion, generative methods [2,34] enable 3D outline creation from a single
RGB image. These methods rely on training datasets, showing limited
generalization capability to new objects, and require long processing
times, necessitating minutes to hours for a single model generation.
Optimization solutions like TripoSR [55] and SF3D [4] could reduce
static 3D mesh generation time to seconds. To enhance generalization,
large-scale 3D models [64] expand object category range by training
on massive datasets. Although these generative models can rapidly
produce rudimentary 3D shapes of objects, achieving photorealistic
detail and preserving the authentic appearance remains a challenge.
The models generated by these methods have a very high spatiality, but
relatively low fidelity and real-time performance, as shown in Fig. 1.
Against this backdrop, volumetric rendering techniques based on
NeRF [39] and 3DGS [24] offer significant advantages, synthesizing
photorealistic views from standard RGB camera inputs. However,
conventional NeRF and 3DGS require hours of training and dense
multi-view data. Optimization methods like Instant-NGP [41], Plenox-
els [10], and 3DGS-LM [20] reduce training times and enable rapid
reconstruction from sparse views [9, 32]. Despite the improvements,
this photorealistic modality remains limited to static scenes, as existing
extensions for dynamic scenes [13,50,62,65] still fall short of real-time



training and rendering of volumetric scenes with in-situ real-time cap-
tured input images. It has a high spatiality, relatively high fidelity, but
poor real-time performance, as shown in Fig. 1.

Existing approaches mentioned above demonstrate an inherent limi-
tation that using a single modality in real-time MR telecollaboration
cannot simultaneously optimize the visualization in all S-F-R dimen-
sions. Researchers thus integrate multiple modalities to leverage their
respective strengths. Teo et al. [51,53] combine 360° video and 3D
mesh to balance environment scanning speed and spatial cognition. An-
other group of works focuses on enhancing the reconstruction quality
of static objects. Kim et al. [27] improve object boundaries with SAM-
guided segmentation. RoomRecon [28] uses generative Al to enhance
texture quality. Thing2Reality [17] supports rapid mobile modeling by
combining multi-view images with generative meshes. To deal with
dynamic scenes, SharedNeRF [47] combines point clouds and NeRF
for real-time performance, and VirtualNexus [19] enhances 360° video
with mesh for environment sharing and uses NeRF for object copying.

While these approaches explore integrating multiple modalities, they
mainly focus on fixed combinations of modalities coupled with specific
functions or require manual switching [48]. It is not enough since recent
studies underscore the potential necessity of different visualization
modalities across platforms and user content preferences in VR [26].
Our study aims to fill this gap by examining how task phases and
corresponding user intent and behavior influence user prioritization
of the visualization from the S-F-R dimensions and proposing the
subsequent automatic modality adaptation.

2.3 Adaptive Ulin MR

An increasing number of studies focus on utilizing user behavior and
intent for UI adaptation in MR. Firstly, task-driven adaptive UI content
adjustments can automatically modify the information density parame-
ters of Ul elements, such as text volume and animation complexity, by
analyzing user behavior (e.g., operation time and error rate) [18] and
physiological indicators such as pupil diameter [35]. This approach
enables adaptive granularity adjustment of task guidance content. Sec-
ondly, adaptive UI adjustments based on user gaze interaction have been
developed to address the Midas Touch problem [23]. By monitoring the
user’s gaze (head gaze and eye gaze) [8,36,37,46] and visual behaviors
such as blinking [7], these systems can distinguish between incidental
gaze and intentional interactions. This allows for modifications in the
position and visual prominence of application interfaces, such as cal-
endar, weather apps, and video billboards [59]. Finally, existing work
adaptively adjusts the Level of Detail (LOD) and physical attributes
(such as position and transparency) of Ul components based on the
relationship between users and spatial semantics. This is achieved by
detecting the distance between the UI and objects, the proportion of the
Field of View (FoV) they occupy [63], and the positions of the user, UI,
and environment [38].

While these works focus on UI component adaptation, we explore
user-centered adaptation of object visualization in MR telecollabo-
ration. Informed by the observations of user-UI interaction in these
studies, we formulate spatio-temporal contexts that reflect user behav-
ior and interaction intent and investigate the corresponding modality
adaptation.

3 SPATIAL CONTEXT-AWARE ADAPTATION

As mentioned previously, we observe that users have different interac-
tion demands, which is also indicated by existing studies, and would
continuously adjust viewing distance across task phases. To further
explore the impact of such coupled spatial contexts on object visualiza-
tion, we conduct the first study to investigate user prioritization in the
S-F-R visualization dimensions and the corresponding modality switch-
ing. The results of this study answer RQ1 and distill design choices for
the prototype implementation. Note that although we denote the modal-
ities in this study after their representations, the focus is on examining
S-F-R characteristics of the visualization rather than comparing specific
representations or methods, as mentioned previously. The study and
the subsequent two studies were approved by the institutional review
board of the university, and consent from the participant was obtained.

Fig. 2: Observation tasks in Study 1 (0.25m and 0.75m scenarios). The
images illustrate the visualizations of the observation tasks using VDVF,
Mesh, and 3DGS. In the 0.25m, participants will observe the red label
numbers, while in the 0.75m, they will observe the brand logos on the
printer’s surface. More observation tasks and visualization results can
be found in the supplemental file and video.

3.1 Spatial Context and Visualization Modalities

To examine the impact of the spatial context, we need to determine 1)
task types and the range of user viewing distance, and 2) the modalities
feasible for shared object visualization in real-time MR telecollabora-
tion. We focus on the desktop collaboration scenario involving a single
complex shared object in this study.

Targeting detailed inspection and overall observation tasks, we de-
fine the range of user viewing distance in the study as 0.25m ~ 1.0m,
considering the Least Distance of Distinct Vision (LDDV) for visual
comfort, the typical human arm reach (~0.58m), and the need to main-
tain co-presence. We set four evenly distributed points in this range
to examine user prioritization in object visualizations, as will be intro-
duced in Sec. 3.3.

Following the discussion of various visualization modalities in
Sec. 2.2, we select feasible modalities in this study by examining their
relative priority levels in the S-F-R dimensions and the collaboration
process in practice. At the beginning of the collaboration, sharing the
local user’s (LU’s) real-time first-person view with the remote user
(RU) facilitates the immediate start of the task. To give RU the freedom
to control viewing angle, View-Dependent Video Frames (VDVF)
modality could be employed. It caches video frames captured by LU’s
camera and the corresponding camera angles, and presents RU the
frame with the closest capturing angle to RU’s current viewing angle.
Similar concepts are also adopted in previous studies [17,26]. With the
real-time updating capability, VDVF could present RU with a dynamic
view of the object when observing from the LU’s viewing angle regis-
tered with LU’s head avatar, as shown in the supplemental video. This
modality presents a certain level of S since it supports freely adjusting
viewing angle, and achieves high F and R, as annotated in Fig. 1. For
3D modalities, input images for reconstruction would be captured with
only sparse and limited views due to LU’s uncontrolled movement, es-
pecially in the early stage. As time progresses, images with more views
could become available. Therefore, 3D modalities that can be rapidly
generated from sparse views and refined with later-added views are
needed in practice. Generative models [4,64] can reconstruct objects
in Mesh from a single image in seconds, outperforming other methods
such as accelerated NeRF [39,41] in speed and fidelity under the sparse-
view constraint. This modality could be feasible with high S and middle
F and R. With more input views, 3DGS [24] significantly outperforms
other methods [3, 10,41] in photorealism, with high S, relatively high
F, and very low R, as annotated in Fig. 1. With the indication in similar
studies [17,26,60], we select these three modalities mentioned above
to represent different regions of the S-F-R design space explored in this
study. We provide implementation details in Sec. 3.3.

3.2 Participants

We recruited 16 graduate students (12 males and 4 females; average age:
25.0 (SD = 1.3)) from the local campus. The sample sizes in the studies
align with recommendations from relevant research in HCI studies [5].
We recruited young college students as participants in this study and



the subsequent two studies since they are sensitive to MR technology
and represent our primary target users in the early stage. It is also a
common composition in MR studies [16,17,47]. We mainly focused on
the diversity of participants’ AR/VR experiences in all studies. Among
them, 3 had no prior AR/VR experience, 11 had experienced several
times, and 2 were AR/VR application developers.

3.3 Study Scenario and Experiment Setup

We conduct our first study in a remote maintenance scenario, where
participants assume the role of a remote VR user and perform inspec-
tion tasks. We choose a printer as the target object as it is representative
in everyday work and life, and has detailed surface features (e.g., text,
buttons, ports) and irregular 3D shapes, supporting both detailed exam-
ination and holistic observation task phases.

Informed by similar VR studies [25, 66], we probe the effect of
spatial context by setting 4 viewing distances (/m) (0.25, 0.5, 0.75, 1.0),
which are maintained by dynamically adjusting the object’s position and
providing a visual arc trajectory as a guidance cue for movement across
different viewing angles. At each distance, users complete proximal
(0.25m and 0.5m) detail examination tasks focusing on text and patterns,
or distal (0.75m and 1.0m) overall observation tasks focusing on shape
and structure, through 3 visualization modalities (VDVF, 3DGS, and
Mesh). We set the task informed by visual perception principles and
LOD theory, which posit that users prefer closer distances for detail
inspection and farther distances for shape recognition. In each task,
users interact with the object and answer a question about it, as detailed
in Sec. 2.2 in the supplemental file.

We implement VDVF by capturing 3 x 360 images of the object
covering X-axis (0°-360°) and Y-axis (0°, 45°, 90°) using an RGB cam-
era and a Microsoft HoloLens 2, and presenting corresponding frames
based on user viewing angle. Following the reasoning in Sec. 3.1,
we implement 3DGS modality using sparse-view and SfM-free In-
stantSplat [9] with 12 input views, and render it using a Unity plu-
gin [42]. The model was trained for 1000 iterations, taking 54 seconds.
We adopt a state-of-the-art large 3D asset generation model TREL-
LIS [64] to implement the Mesh modality, with 4 input views trained
in 21 seconds. We train them respectively on an Nvidia GeForce RTX
4090 GPU. We calibrate the sizes of the visualizations referring to the
physical printer through HoloLens 2. Participants use HTC VIVE Pro
headsets and controllers in a 2m x 2m space. We show their dynamic
effects in the supplemental video.

3.4 Metrics

We record participants’ task completion time for different modalities
at each distance and their overall accuracy for all tasks as objective
performance metrics. Accuracy is the ratio of correct answers in all
tasks. Observation time is measured from the moment the user verbally
confirms understanding the task question to the moment they know the
answer and press the controller button. For subjective measurements,
we collect participants’ preferred modalities at each distance, consider-
ing the task load and visual comfort. This n-alternative forced-choice
data is used to form a psychophysical experiment to detect the distance
threshold of the switching between modalities. Then, based on the
selected optimal modality at the current distance, we instruct users to
freely move and select an optimal observation distance for the current
modality and task, and record the optimal distance.

3.5 Procedure

First, we introduce participants to the basic concepts of telecollabo-
ration and familiarize them with the three modalities by presenting
example visualizations of a distinct object (to prevent prior exposure).
Next, we explain the observation tasks described in Sec. 3.3 and the
metrics outlined in Sec. 3.4. Then we walk them through a practice task
to get familiar with the controls and experience. After the preparation,
we proceeded to the formal experiment.

The experiment adopts a within-subject design, having 12 observa-
tion tasks for each user (4 distances x 3 modalities). Orders of task
questions (6 proximal and 6 distal), viewing distance, and modalities
were counterbalanced using a Balanced Latin Square. After completing
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(b) Best Observation Distance
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Fig. 3: The comparison of ] VDVF, [] 3DGS, and [] Mesh task per-
formance regarding (a) Observation time, (b) Best observation distance
in Study 1. VDVF had a significantly longer observation time at long
distance compared to 3DGS or Mesh, while its best observation distance
was significantly shorter than 3DGS or Mesh. We discuss the results
more in Sec. 3.7.

all 12 tasks, each participant took part in a 5-minute semi-structured
interview to discuss their experiences, perception of modalities, reasons
for their choices, and suggestions on improving the system.

We make the following hypotheses:

H1: In the proximal context, VDVF will be significantly more
accurate than 3DGS and Mesh due to higher fidelity.

H2: In the proximal context, VDVF will be significantly more
efficient due to higher fidelity, while in the distal context, 3DGS and
Mesh will be significantly more efficient due to higher spatiality.

H3: The optimal observation distance of VDVF will be signifi-
cantly shorter than that of Mesh and 3DGS, showing distinct S-F-R
prioritization in different spatial contexts.

H4: Users will significantly prefer VDVF in the proximal context
and prefer 3DGS in the distal context.

3.6 Results

With Shapiro-Wilk normality tests finding non-normal distributions, we
ran non-parametric Friedman Tests and Post-hoc Nemenyi Tests to com-
pare observation time and optimal observation distance, respectively.
The same analysis process is applied in Sec. 4 as well. To analyze the
results of the psychophysical experiment, we fit psychometric functions
to detect the switching threshold between modalities. We will report
specific results within the confidence interval of p < .05 in the analysis
sections. Significant differences between conditions are marked at the
top of each figure (xp < .05, *x p < .01, x*x*p < .001) in Fig. 3.

Observation Accuracy In the proximal context ((0.25 m, 0.5 m),
VDVF (100%,93.8%) has significantly higher accuracy compared to
3DGS (18.8%,12.5%) and Mesh (12.5%,6.2%). In the distal context
(0.75 m, 1.0 m), there is no significant difference in accuracy between
VDVF (93.8%,100%) and 3DGS (87.5%,93.8%), while Mesh has a
relatively low accuracy (56.2%,62.55%). We will discuss the reasons
for this difference in Sec. 3.7

Observation Time We present the task observation time for each
modality at each distance in Fig. 3(a). Detailed data is provided in
the supplemental file. Friedman tests show significant differences
in observation time at 0.75m (y2 = 11.375, p = 0.0034) and 1.0m
(%% = 6.500, p = 0.0388), but not at 0.25 m or 0.50 m. Reasons for
this are discussed in Sec. 3.7. Post-hoc Nemenyi tests at 0.75 m reveal
significant differences between VDVF and 3DGS (p = 0.0075), and
VDVF and Mesh (p = 0.0130), with no significant difference between
Mesh and 3DGS (p = 0.9829). At 1.0 m, VDVF differs significantly
from Mesh (p = 0.0356), but no differences are found between VDVF
and 3DGS (p = 0.1805) or between 3DGS and Mesh (p = 0.7593).

Optimal Observation Distance We present the optimal observation
distances for the three modalities in Fig. 3(b). Friedman test reveals a
significant difference among them (2 = 26.600, p < 0.001). Post-hoc
Nemenyi tests show significant differences between VDVF and 3DGS
(p < 0.001) and between VDVF and Mesh (p < 0.001), while 3DGS
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and Mesh have no significant difference (p = 0.92). We discuss this
lack of significance in Sec. 3.7.

Switching Threshold Based on the abovementioned significance
of differences in optimal observation distance between modalities, we
fit a psychometric function to determine the switching threshold be-
tween VDVF and 3DGS/Mesh, as 3DGS and Mesh are not significantly
different in optimal distance. The fitting data is the possibility of choos-
ing 3DGS/Mesh (6.25%, 12.5%, 100%, 93.75%) at each distance /m
(0.25, 0.5, 0.75, 1.0), as shown in Fig. 4. We use the standard logistic
psychometric function, as shown in Eq. (1).
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From the fitting results, we find the Point of Subjective Equality (PSE)
at 0.56m, where users’ preference for VDVF and 3DGS/Mesh modali-
ties are equal. Additionally, we use the Bootstrap method to obtain the

95% confidence interval for the threshold o to be (0.52, 0.63).

3.7 Discussion

H1 is supported. In the proximal context, VDVF outperforms 3DGS
and Mesh in accuracy. Participants note that “VDVF is simple and clear
for close-up observation,” while “3DGS and Mesh distort too much,
making observation frustrating.” This is because VDVF provides high-
fidelity ground-truth views ideal for detail observation, whereas 3DGS
and Mesh suffer from significant detail loss and fidelity degradation
(see Fig. 2). This highlights that the Fidelity dimension is the top pri-
ority in the proximal context, where accurate authenticity and detail
preservation are critical for task performance and user comprehension.
The VDVF modality is currently most feasible in this context with its
high F and high R for dynamic objects (further explored in Sec. 4).
Future 3D approaches based on 3DGS or novel primitives could also
be adopted if they can achieve equally high fidelity with sparse input
views, while enabling real-time training and rendering of dynamic
content on a mobile MR device solely, which poses the most signifi-
cant challenge. At longer distances, Mesh accuracy drops due to its
insufficient fidelity. Participants reflect that “Mesh lacks realism and
conveys little information, making tasks harder”. Accuracies of VDVF
and 3DGS are similar, suggesting 3DGS can match VDVF in distal
tasks. Users also mention that “3DGS has a strong 3D effect at long
distances, enhancing the observation experience.”

H2 is partially supported. In the proximal context, there is no
significant difference in observation time across the three modalities.
We consider that it is mainly because users feel unable to get detailed
information using 3DGS/Mesh modalities, and finish the task with
wrong answers quickly. It is also due to the narrow Field of View (FoV)
of VDVF and the frequent movement required in the task. This indicates
the necessity for wider FoV capturing, e.g., using a 360° camera, for

VDVF implementation. In the distal context, 3DGS and Mesh offer
stereoscopic views with high spatiality, requiring less movement with
wide FoVs, whereas VDVF requires more head tilting and movement.
This is in line with participant reflections: “At long distances, VDVF’s
limited FoV leads to frustration and lack of global context, while Mesh
and 3DGS provide a better sense of structure”.

H3 is supported. VDVF’s optimal observation distance is signifi-
cantly shorter than those of 3DGS and Mesh. This significant difference
indicates the existence of a modality switching threshold in viewing
distance. VDVF’s high fidelity and limited FoV make users prefer to
use it in proximal contexts, prioritizing fidelity for detail inspection
over spatiality. While users still could complete tasks in distal contexts
using VDVEF, they report a “noticeable flatness”, feel it “less like a real
object”, “provides insufficient information”, and “more tiring”. The
outliers with larger values for VDVF indicate its potential to be also
suitable for distal contexts if enhanced in FoV and resolution. There
is no significant difference between 3DGS and Mesh in the optimal
distance, as users view both as “stereoscopic representations capturing
the overall shape”, allowing them to comfortably observe the entire
object from a greater distance. Users often step back after close-up
observations of 3DGS and Mesh, and select a farther distance as their
optimal viewing distance. This is also due to the relatively lower fi-
delity of these two modalities. We thus group 3DGS and Mesh in the
psychometric function fitting to determine the switching threshold.

H4 is partially supported. VDVF is significantly more preferred
in the proximal context, as shown in Fig. 4 and Fig. 3 (b), with its
significantly shorter optimal distance, and the low possibility of users
preferring 3DGS and Mesh in the proximal context. However, there is
no significant difference in optimal viewing distances between 3DGS
and Mesh. Moreover, the respective possibilities of selecting 3DGS
and Mesh converge, revealing no significant preference for 3DGS over
Mesh. It is also in line with divided user feedback: “I don’t choose
Mesh because it lacks realism” and “3DGS feels more realistic, like
a real object.” while others reflect “Floating artifacts around 3DGS
interfere with observation, while the Mesh feels more cohesive”. These
comments indicate that fidelity is also important in distal contexts, and
floating artifacts of sparse-view 3DGS and insufficient surface detail of
Mesh equally undermine user experience. Although not subjectively
more preferred, 3DGS achieves a higher task accuracy than Mesh.

In conclusion, the results show that users prioritize Fidelity in prox-
imal contexts and prioritize Spatiality in distal contexts. Adaptively
employing VDVF and 3DGS or Mesh modalities in the corresponding
spatial context is necessary to facilitate task efficiency with reduced ex-
ecution time and error rates. The switching threshold identified through
the psychophysical experiment provides a quantitative foundation for
telecollaboration workflow with automatic spatial-context-aware adap-
tation across modalities, guiding the design and implementation of our
prototype system in Sec. 5.

4 TEMPORAL CONTEXT-AWARE ADAPTATION

Study 1 mainly explores how spatial context influences user prioriti-
zation in the S and F dimensions and the corresponding modalities.
As mentioned previously, we need to further consider how temporal
context affects users’ modality choice and workflow, as the preferred
modality is not always available due to generation time. Therefore, we
conduct the second study to explore the temporal modality switching
scheme given inevitable practical generation delays. The results address
RQ2 and refine the modality adaptation workflow from the temporal
perspective.

4.1 Switching Scheme Design

The results of Study 1 show objectively higher distal task completion
accuracy of 3DGS than that of Mesh. However, the generation time of
3DGS [9] is too long (approximately 60 seconds in the implementation
introduced in Sec. 3.3, very low in Real-time performance), preventing
immediate access during task initiation or following dynamic changes
to the object that require visualization updates. The generation of
Mesh is relatively faster (around 20 seconds, introduced in Sec. 3.3,
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Fig. 5: Switching schemes in Study 2 (SS1, SS2, SS3, SS4). The images
illustrate the visualizations of the 4 switching schemes corresponding to
their modalities and switching times. Participants will perform 4 distal
observation tasks (0.78m) for each switching scheme. More details of
the task and visualization results can be found in the supplemental file
and video.

relatively low in Real-time performance). Together with the high-real-
time-performance VDVF modality, we need to further examine user
prioritization in the R dimension and the resulting temporal adaptation
scheme.

To flatten the curve in the R dimension and avoid keeping users
waiting too long for a 3D modality, we introduce a new modality based
on a generative approach [4], which can generate a visualization in
mesh from a single view in less than 1s. To distinguish it from the
previous Mesh modality, we name the new faster modality “Fast Mesh
(MeshF)”, and name the previous Mesh “Slow Mesh” (MeshS). The S-
F-R characteristics of these 4 modalities are annotated in Fig. 1. Based
on them, we design and explore four temporal modality switching
schemes for distal contexts, as the preferred modality in proximal con-
texts, i.e., VDVEF, is immediately available and thus needs no temporal
adaptation.

Switching Scheme 1 (SS1): (VDVF - 3DGS) Users engage in distal
tasks using VDVF until 3DGS generation is complete and displayed.

Switching Scheme 2 (SS2): (VDVF - MeshF - 3DGS) Users engage
in distal tasks using VDVF, then using MeshF after a short time, and
finally using 3DGS.

Switching Scheme 3 (SS3): (VDVF - MeshS - 3DGS) Users engage
in distal tasks using VDVF, then using MeshS after a relatively long
time, and finally using 3DGS.

Switching Scheme 4 (SS4): (VDVF - MeshF - MeshS - 3DGS)
Users complete distal tasks using all 4 modalities switched in sequence,
regarding their respective generation time.

We design the second study to explore the preferred temporal switch-
ing scheme in prolonged multitasking distal contexts. We show their
dynamic effects in the supplemental video.

4.2 Study Scenario, Experiment Setup and Procedure

We recruited 16 participants (12 males and 4 females; average age: 25.1
(SD = 1.1)). Among them, 3 had little prior AR/VR experience, 10 had
experienced AR/VR several times, and 3 were AR/VR developers. Most
(15) of them were from Study 1 and joined this study as a follow-up.
We believe there is no significant bias since the independent variables
of these two studies do not overlap, and the design considerations focus
on clearly distinct dimensions.

To determine the unified and exact generation time of MeshF, MeshS,
and 3DGS modalities, which are reported in corresponding papers but
on different GPUs, we measure the training times for them ten times
using a single NVIDIA RTX 4090 GPU, and take the 95th percentile
for each. The results(/s) are as follows: MeshF (M = 0.8, SD =0.1),
MeshS (M = 18.2, SD = 2.3), and 3DGS (M = 56.7, SD = 5.6). We
thus set the following generation times: MeshF = 1s, MeshS = 20s, and
3DGS = 60s. These settings ensure that training for all three modalities
is completed within the 95% confidence interval.

Study 2 also adopts a within-subject design, and the setup and tasks
are the same as in Study 1, with only changes in the scenario. To
simulate extended multitasking observation, each switching scheme

includes 4 distal observation tasks using the optimal distances for
3DGS (M =0.787m) and Mesh (M = 0.796m) from Study 1. As the
values are close, we use a consistent distance of 0.78m for practicality.
Participants press the VR controller trigger upon completing each task
to pause time calculation. To differentiate from Study 1, we set 16 new
distal observation tasks (detailed in Sec. 3.2 in the supplemental file).

For objective metrics, we record the total observation time and
overall error rate for each switching scheme. Observation time is the
sum of time from task start to trigger press on the VR controller, while
the error rate is the ratio of correctly answered tasks. For subjective
metrics, we use the NASA-TLX [15] task load scale (six factors) and
collect user preferences among the switching schemes, reflecting their
overall subjective experience.

The preparatory procedure and the post-study interview are similar to
those in Study 1. The experiment has 16 observation tasks (4 switching
schemes x 4 observation tasks). The orders of the schemes and tasks
are counterbalanced hierarchically using Balanced Latin Squares. We
make the following hypotheses:

HS: SS1, SS3, SS4 will lead to significant faster task completion
than SS2. This is based on observed fidelity limitations of MeshF for
certain tasks. SS3 and SS4 present users with higher-fidelity MeshS
earlier to support task completion. In SS1, although having low spatial-
ity and not prioritized for distal tasks, VDVF could remain useful for
observation and completing the task earlier due to its sufficient fidelity,
while users would be stuck with MeshF until 3DGS is ready in SS2.

H6: Participants will prefer SS4 the most due to the seamless update
with progressively refined visualization fidelity.

4.3 Results

Observation Time We show statistical comparisons of the total ob-
servation times for the 4 switching schemes in Fig. 6(a). Fried-
man Tests find a significant difference among these schemes (32 =
14.55,p = 0.0022). Post-hoc Nemenyi Test results show that SS2
has significantly higher observation times than SS1, SS3, and SS4
(p=0.014, p = 0.013, p = 0.005), while no significant differences are
found among the other combinations.

Error Rate The error rates for the four switching schemes are as
follows: SS1 (M = 0.0625, SD = 0.0125), SS2 (M = 0.0469, SD =
0.0102), SS3 (M = 0.1094, SD = 0.0164), and SS4 (M =0.1250, SD =
0.0167). Friedman Tests indicate that there is no significant difference
in error rates across them (y> = 4.64, p = 0.2).

NASA-TLX In Fig. 6(b), we show the NASA-TLX metrics of the
4 switching schemes. Detailed values of the Friedman Test and Post-
hoc Nemenyi Test can be found in Sec. 3.3 in the supplemental file.
Friedman Tests find significant differences among the 4 schemes in all 6
metrics. Post-hoc Nemenyi Test reveals that SS1 results in significantly
higher loads than SS3 and SS4 on almost all metrics (except for the Fr
metric, where there is no significant difference between SS1 and SS3).
SS2 results in significantly higher loads than SS4 on half of the metrics
(TD, Pe, Ef) and than SS3 on TD. There are no significant differences
between SS3 and SS4 across all 6 metrics.

Overall Preference Out of all 16 participants, 8 chose SS3 as the
optimal representation switching scheme, and another 8 opted for SS4.
None of the participants selected SS1 or SS2.

4.4 Discussion

HS is supported. The observation time for SS2 is significantly higher
than that of other switching schemes, indicating that MeshF could
only handle a small portion of distal tasks. This limitation stems from
MeshF’s ability to generate only a 3D front view of an object, lacking
surface details on other sides (Fig. 5). User feedback highlights these
issues: “MeshF is too coarse, so I have to wait,” and “there’s too
little information, causing long waiting times”. Participants manage
to collect sufficient information for the task through VDVF in SS1,
but with higher task loads. This agrees with Study 1 results and is
reflected by users: “I can finish the task using VDVF just with more
movements”. The observation time range for SS3 and SS4 is broader,
as some users complete tasks using VDVF or MeshS. However, task
error rates for SS3 and SS4 (M = 10.94%, M = 12.5%) show a slight
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Fig. 6: The comparison of [] SS1, [] SS2, [[] SS3 and [ ] SS4 task performance regarding (a) Observation time, (b) NASA-TLX scores in Study
2. 8S2 had a significantly longer observation time at long distance compared to SS1, SS3 and SS4, NASA-TLX indicates that SS3 and SS4 have
significantly lower task load than SS1 and SS2. We discuss the results more in Sec. 4.4.

increase compared to SS1 and SS2 (M = 6.25%, M = 4.69%), aligning
with findings from Study 1, where surface details in MeshS slightly
differed from those in 3DGS. User feedback for SS3 and SS4 includes:
“I can quickly complete tasks with MeshS,” while others “prefer the
longer observation time with 3DGS for more detailed views”.

HG6 is partially supported. Users prefer SS3 and SS4, each account-
ing for half of the selections. NASA-TLX results show no significant
difference across the 6 metrics between these two schemes. SS4 results
in a slightly lower Physical Demand, which is consistent with findings
from Study 1 that VDVF in SS3 increases user movement during distal
tasks. SS4 also shows slight improvements in Performance and reduced
Effort, suggesting that the addition of MeshF helps users complete
tasks more smoothly. This is reflected in users’ feedback: “I prefer SS4.
It transitions from rough to fine details, and the time of waiting feels
shorter”, and “SS3 and SS4 feel similar. MeshF in SS4 is too coarse to
complete tasks and still requires waiting”.

Although users do not prefer SS1 and SS2, their significant differ-
ences with SS3 and SS4 uncover additional insights. There is a notable
difference between SS1 and SS3/SS4 across nearly all NASA-TLX
metrics, suggesting that the MeshS used in SS3 and SS4 is crucial for
improving performance and reducing task load. Although MeshS takes
longer to generate than MeshF, it uses four photos for training, offering
more detailed information. This results in MeshS’s accuracy being
closer to 3DGS, which can handle distal observation tasks in Study 1.
The underlying logic of switching schemes is that the modalities’ vari-
ation in the fidelity dimension should be minimal. Large fluctuations
in fidelity (as in SS1 and SS2) tend to increase waiting times, as more
perspectives are needed for higher-fidelity modalities, leading to longer
training durations and reduced overall user experience.

In conclusion, SS4 (VDVF->MeshF->MeshS->3DGS) is the opti-
mal temporal modality switching scheme. It balances the F and R
dimensions, allowing for gradual refinement in the S and F dimen-
sions. It makes the overall workflow more efficient, smoother, and
more reasonable.

5 IMPLEMENTATION

In Study 1 (Sec. 3), we determine the preferred modality in different
spatial contexts and the corresponding spatial switching threshold. In
Study 2 (Sec. 4), we identify the optimal temporal switching scheme
with the inevitable generation delay of 3D modalities. Building on these,
we implement CollabVisAdapt, a proof-of-concept telecollaboration
system that adaptively adjusts object visualization modalities based
on spatio-temporal contexts. CollabVisAdapt comprises three core
components: the telecollaboration component, the hybrid visualization
component, and the modality adaptation component. We implement the
system in Unity 2022.3 on Microsoft HoloLens 2 (OST AR HMD) and
HTC VIVE Pro (VR HMD). It supports desktop-level collaboration
for a local AR user (Intel i7-11800H, RTX 3060 Laptop GPU) and a
remote VR user (Intel i7-13700KF, RTX 4080 GPU). A webcam is

mounted on the AR user’s HMD to capture the real-time first-person
view. The VR user views the adaptive visualization of the object to
assist the AR user, offering an intuitive and seamless collaboration
workflow. We introduce the three components below.

5.1 Telecollaboration Component

The telecollaboration component supports basic user avatar interactions,
collaborative object position framing, and local AR user hand collision
detection. In the avatar interaction module, both AR and VR platforms
feature 3D models of the other user’s head and hands. They exchange
headset position and orientation data and hand model information via
UDP. The collaborative object framing module uses a 3D wireframe
model (bounding box) to define object position, rotation, and scale.
This data is transmitted through UDP to the corresponding model in
the remote VR user’s view. For hand collision detection, we utilize the
NearInteractionModeDetector from MRTK to detect hand collisions
with the BoundingBox, with a time threshold where only collisions
lasting longer than 2 seconds are considered valid to prevent frequent
detections from accidental touches. The peer-to-peer networking frame-
work via UDP connections enables the system’s scalability to scenarios
with multiple AR and VR users.

5.2 Hybrid Visualization Component

The hybrid visualization component implements the VDVE, MeshF,
MeshS, and 3DGS modalities:

VDVEF: Synchronized with the AR user’s camera feed, the system
calculates 6; (0° ~ 360°, the angle between the AR HMD and the
bounding box on the XZ plane) and 6, (0° ~ 90°, the angle on the
Y-axis), with 6, discretized into three segments. The images and angles
(01, 6,) are sent from the AR end to the VR end via UDP and stored in
a 360 x 3 array on the VR end. The VR end presents the corresponding
video frame with the camera angle closest to the VR user’s current
viewing angle. When the AR user returns to a previous capturing angle
(01,6,), the cached frame is updated with the current video frame.
The continuous refreshing frames when the VR user’s viewing angle
matches the AR user’s present a real-time dynamic view. After the AR
user finishes interaction in a certain area, the VR end clears the frames
from the corresponding hemispherical area to ensure the latest status
of the visualization, as the area captured previously has been modified.
This spatio-temporal cache-and-update mechanism of VDVF ensures
the system’s real-time usability in dynamic telecollaboration.

MeshF, MeshS, and 3DGS: We use the models from Studies 1 and
2 to generate MeshF [4], MeshS [64], and 3DGS [9] modalities. They
are all trained on a server with an NVIDIA RTX 4090 GPU. The VR
system uploads VDVF and downloads mesh (.glb) and 3DGS (.ply)
files over a 500 Mbps HTTP connection, with transfer times of ~ 0.08s
for a SMB .glb and ~ 3.2s for a 200MB .ply model file. MeshF training
begins when a usable image with 6, = 45° and 6; in (—10° ~ 10°) is
captured during a new user action. MeshS supports both single- and



multi-view training: the single-view setup shares MeshF’s conditions,
while the multi-view setup requires four distinct images. 3DGS training
starts with at least three usable images with 6, in (—20° ~ 20°), and
up to 12 images are selected based on angular diversity.

5.3 Modality Adaptation Component

The adaptation component switches the visualization modality based on
the spatial and temporal contexts. Study 1 indicates that the switching
threshold between VDVF and Mesh or 3DGS is 0.56m, measured
from the VR headset to the bounding box surface. Based on Study
2, switching scheme 4 (VDVF-MeshF-MeshS-3DGS) is selected for
distal contexts. To ensure real-time modality generation, any ongoing
training is halted when the user moves to the next action, and a new
training session begins. This allows users in action-intensive tasks to
quickly obtain a rough outline using MeshF (generation time M = 0.8s)
or MeshS (generation time M = 18.2s), while those in observation-
intensive tasks can use 3DGS (generation time M = 56.7s) for detailed
observation.

6 EVALUATION

Based on the CollabVisAdapt prototype, we conduct a within-subject
empirical user study to evaluate the effectiveness and usability of our
adaptive visualization mechanism by comparing it with the workflow
using manual switching, representing the condition with the ablation
of the modality adaptation component. The comparison of various
modalities and the comparison between adaptive visualization and the
single fixed-modality method have been implicitly evaluated in Studies
1 and 2, and thus will not be reiterated in this section.

6.1 Participants

We recruited 12 graduate students (10 males and 2 females; average
age: 25.1 (SD = 1.0)) from the local campus as participants. Among
them, 3 had no prior AR/VR experience, 7 had experienced AR/VR
several times, and 2 were AR/VR developers. We invited 4 participants
of Study 1 to join the evaluation. We believe this involves no significant
bias since the number of reused users is small and the conditions in
Study 1 are pre-recorded, while the evaluation in this section is based
on a real-time running system.

6.2 Study Conditions

For the evaluation, we have two conditions. Adaptive visualization is
the full system implementation and includes spatio-temporal context-
aware modality adaptation. Manual switching is the condition with the
ablation of the modality adaptation component. Users can manually
switch the modality as they wish, while the other components remain
unchanged.

6.3 Study Scenario and Experiment Setup

We focus on evaluating how the adaptive object visualization for the
remote VR user facilitates telecollaboration by setting a common expert-
novice remote support scenario following previous research [47]. In
this scenario, the VR user is an expert leading the task, while the lo-
cal AR user follows the VR user’s instructions to complete physical
operations. We thus assign participants the role of the VR expert for
its dominance in the task and direct engagement with the adaptive
visualization, and let one researcher play the role of the local AR user,
following previous practice [47]. They move and communicate nat-
urally to complete tasks as in real-world scenarios without scripted
routes. To maintain consistency in 3D representations and minimize
errors, we select the printer from Studies 1 and 2 as the task object. The
remote VR expert (participant) guides the local AR user to repair the
printer from various malfunctions. We set four common printer mal-
functions simulating varying task intensities (details are illustrated in
Tab. 8 in the supplemental file), and teach participants how to fix them
before the experiment. A third party sets up malfunctions to prevent
prior knowledge interference. The AR user (researcher) first calibrates
the AR bounding box of the object (as shown in the supplemental video)
as a preparation stage similar to real-world collaboration. A preliminary
visualization of the printer in its initial state in each modality is also

generated from an approximate 360° orbit shot of it acquired in-situ by
the AR user in this preparation stage. The modalities are continuously
maintained and updated during the collaboration process (as described
in Sec. 5.3). A trial ends when the printer is fixed and outputs the ex-
pected content. The orders of conditions and malfunctions are balanced
using a Balanced Latin Square.

For objective metrics, we record the completion time for each con-
dition, from the time the AR user finishes calibrating the bounding
box to the time the VR (participant) sees the final printed content. For
subjective metrics, we use 1) NASA-TLX task load metrics and 2)
three metrics related to the experience of AR content adaptation from
previous work [63]: Easy-to-observe, Task communication load, and
Task smoothness. Easy-to-observe measures how quickly participants
can view desired parts. Task communication load assesses the com-
munication effort with the AR user. Task smoothness assesses the
experience flow regarding continuity and interruptions. These 9 metrics
are rated on a five-point Likert scale (1 to 5), with lower scores gen-
erally indicating better performance, except for Easy-to-observe and
Task smoothness, where higher scores are better.

In the experiment, participants complete conditions 1 and 2 sepa-
rately, rate task load and collaboration experience, and provide their
preferences (1 for adaptive visualization, 5 for manual switching) at the
end.

6.4 Results

Following previous approaches [26], we first conducted Shapiro-Wilk
Normality Tests and found non-normal distributions. We then used non-
parametric Wilcoxon Signed-Rank Tests to evaluate the significance of
the two conditions across various metrics.

Completion Time The data indicate that the completion time (/s)
for adaptive visualization (M=289.2, SD=20.25) is significantly lower
than that for manual switching (M=327.83, SD=44.14), with a p-value
of 0.0068.

NASA-TLX From the results shown in Fig. 7(a), we can see that
adaptive visualization has significantly lower scores than manual switch-
ing in all metrics.

Telecollaboration Experience From the results shown in Fig. 7(b),
we can see that there are significant differences between adaptive vi-
sualization and manual switching across three metrics. Adaptive visu-
alization has significantly higher scores than manual switching in the
Easy-to-observe and Task smoothness metrics, and significantly lower
scores in the Task communication load metric.

6.5 Discussion

The results show that adaptive switching outperforms manual switching
in remote collaboration tasks. Adaptive switching significantly reduces
completion time and aligns with users’ observation behavior and in-
tentions. This is in line with user reflections: “Adaptive visualization
adapts to my viewing distance, which is reasonable and intuitive.” and
“Manual switching is distracting, requiring frequent adjustments.” This
is further supported by NASA-TLX MD, TD, and Easy-to-observe
metrics.

Adaptive switching significantly reduces users’ PD compared to man-
ual switching, allowing easier object viewing with fewer operations.
Users reflect “Adaptive switching reduces button clicks, simplifying
operations.” It also improves task smoothness, as users comment, “I
can focus on the task without distractions from switching modalities
myself.” Users find Adaptive switching intuitive and helpful: “When I
supervise the AR user operating in front of the printer through VDVE, I
can simultaneously go to the other side to inspect labels. When I walk
to change my view, it switches to Mesh/3DGS modality, which is very
helpful as a spatial reference for me to find the angle, and the automatic
switching back to VDVF for detailed examination was well-timed and
appropriate. The whole process is very spatial-faithful and intuitive
for me.” Additionally, Adaptive visualization lowers communication
load, with users remarking “Manual switching distracts me, so I sub-
consciously just stay in the video mode (VDVF) and talk more to the
AR user to make adjustments.” and “Manual switching requires fre-
quent communication with the AR user, making the task harder.” In
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Fig. 7: The comparison of [] condition 1 (adaptive visualization),
and [] condition 2 (manual switching) task performance regarding (a)
NASA-TLX scores, (b) Telecollaboration experience scores in Evaluation.
NASA-TLX indicates that adaptive visualization has significantly lower
task load than manual switching. The telecollaboration experience
scores indicate that adaptive visualization provides a significantly better
user experience compared to manual switching. We discuss the results
more in Sec. 6.5.

most cases, participants could directly obtain information from desired
views, facilitated by the combination of spatially cached VDVF and
the real-time updated VDVF bound to the AR user, as illustrated above.
In a few situations where cached VDVF is insufficient for observing
occluded details, asking the AR user to adjust to desired capturing angle
for better real-time VDVF would efficiently solve the problem. This
also indicates the flexibility and scalability of VDVF to more complex
areas with detailed textures that needs viewing from challenging angles,
e.g., the computer assembly scenario in the subsequent demonstration.

In conclusion, compared to Manual switching, Adaptive visualiza-
tion enables smoother completion of telecollaboration tasks with less
effort, and leads to reduced completion time and communication costs.
It syncs well with users’ viewing intentions and motions, intuitively
providing the most contextually appropriate modality.

To show the practical applicability to broader everyday telecollabo-
ration scenarios with various physical tasks, we demonstrate the system
in a collaborative flower arranging scenario and a computer assembly
scenario, as shown in Fig. 8 (a) and (b) and the supplemental video.
The adaptive visualization provides intuitive on-demand and implicit
switching among S-F-R priorities. VDVF effectively presents dynamic
flower moving and component assembling, and supports internal in-
spection of intricate wiring patterns within an opened computer case.
We also present preliminary comparisons with the effect of existing
approach [47] using point cloud (implemented based on a Kinect depth
camera) and NeRF [41] in computer assembly in Fig. 8 (c) and (d).
Point cloud and NeRF both exhibit insufficient fidelity in dynamic and
static proximal interactions relying on observing complex details.

7 CONCLUSION, LIMITATIONS AND FUTURE WORK

In conclusion, we have explored the adaptation of shared object visual-
ization based on spatio-temporal contexts in MR telecollaboration with
a mobile and easy-to-access setup. We have identified the spatial and
temporal contexts and studied their respective influence on the choice
of object visualization modality in real-time telecollaboration. In terms
of the spatial context, we have explored the user-preferred modality
regarding the viewing distance and the type of task, and obtained the
corresponding distance thresholds for switching between them through
the first user study. In terms of the temporal context, we have conducted
the second user study and derived the optimal modality switching strat-
egy when there exists a delay before the preferred modality is generated.
Based on the study results, we developed CollabVisAdapt, a proof-of-
concept prototype that implements the spatio-temporal context-aware
adaptation of shared object visualization to facilitate object-centered
MR telecollaboration workflow. It empowers an efficient telecollabora-
tion experience with an MR HMD for each user via a telecollaboration
component, a hybrid representation component, and a modality adapta-
tion component. The evaluation has validated the effectiveness of the
proposed adaptation compared to manual switching and the usability
of the system. Next, we address the limitations of our work and discuss

Fig. 8: Demonstrations of the system in (a) collaborative flower arranging
and (b) computer assembly scenarios, and preliminary comparisons
with the effect of existing method [47] using point cloud and NeRF in (c)
dynamic and (d) static scenarios. In (a) and (b), 3D modalities provide
decent spatial interactivity. For areas with deep recesses, such as
inside the computer case, the effects of 3D modalities are unsatisfactory,
but VDVF effectively compensates information from desired views. For
dynamic parts, VDVF enables real-time observation of flower moving and
computer component assembling. (c) When wiring inside the computer
case, point cloud exhibits grainy and blurry textures on the board and
hands, hindering the supervision of dynamic wiring details, while real-
time VDVF presents the process clearly. (d) When inspecting the case,
both point cloud and NeRF are not high-fidelity enough for showing
intricate structures, such as wires and connectors (green circles) and
texts (pink circles), while cached VDVF clearly displays them.

the corresponding potential future work.

Generation time and automatic calibration. We employ current
state-of-the-art models for 3D reconstruction in this work, but the
generation speed remains limited. In future work, we could explore
accelerating reconstruction model training and improving computa-
tional efficiency for telecollaboration scenarios. Moreover, the current
system requires the AR user to manually calibrate the visualization
and bounding box. Future work could explore automatic calibration
through image corresponding or directly aligning generated 3D models.

Large-scale and multiple objects. We focus on desktop-scale
collaboration on an individual object in this work. We plan to explore
tasks involving larger objects and space, such as room-scale or outdoor
collaborations in large equipment maintenance and scene arrangement
scenarios. We will also explore multi-object scenarios with workflows
switching among objects and transitions in the space [58], and further
investigate the effect of spatio-temporal contexts in these scenarios.

Multi-user scenarios and dynamic tasks. We currently only con-
duct studies in single-user or minimal two-user scenarios. We are
interested in exploring the dynamics of multi-user scenarios with more
diverse interactions and collaboration contexts. Furthermore, studies
with participants playing both roles of local AR and remote VR users
with varying levels of expertise in the task and diverse backgrounds
could enhance the understanding of such telecollaboration systems.
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