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Abstract
Collaborative Mixed Reality (CollabMR) enables multiple users to
interact with both the physical and virtual worlds in real time. One
of the major challenges CollabMR faces is the timely synchroniza-
tion of shared virtual content, yet how network Quality of Service
(QoS) maps to user Quality of Experience (QoE) remains poorly
understood. To address this gap, we present an exploratory, multi-
layer framework linking QoS inputs (latency, bandwidth) to system
responsiveness and perceptual, cognitive, and behavioral QoE. We
evaluate this framework through a controlled within-subject hu-
man study with 60 participants (30 pairs) using HoloLens 2 headsets
and a collaborative 3D puzzle task under four network conditions.
To validate, we analyze network-level measurements, interaction
logs, task performance metrics, and post-task subjective question-
naires to examine how variations in system responsivenessmanifest
across our conceptual model.

CCS Concepts
• Computing methodologies → Mixed / augmented reality; •
Human-centered computing→ User studies.
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1 Introduction
Mixed Reality (MR) has transitioned from a niche visualization tool
to a foundational technology for high-stakes remote collaboration
in fields such as healthcare [38], engineering [4], education [25],
and industrial training [32]. Unlike traditional video conferenc-
ing, Collaborative Mixed Reality (CollabMR) allows participants to
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jointly inhabit a shared spatial environment, interacting with vir-
tual 3D objects as if they were physical entities [17]. For instance,
in a remote classroom setting, an instructor can share a virtual
3D representation of an object, showing it to students from differ-
ent angles and positions, an aircraft maintenance technician can
practice complex engine maintenance on a virtual jet engine [54],
or surgeons can rehearse procedures on digital twins of patient
organs [75]. The ultimate goal of these systems is to provide a
“real-world” experience in which object updates and partner actions
are reflected across all displays instantaneously, regardless of their
physical locations.

Despite the potential of CollabMR, delivering a high-fidelity ex-
perience remains a significant technical challenge. The systemmust
maintain a sustained synchronization of state, actions, and feed-
back over networked environments [55]. In a collaborative setting,
an action performed by one user, such as removing a fan blade
from a jet engine, must be realistically and consistently reflected
across all participants’ displays. However, achieving this real-world
immediacy is difficult. Factors such as local headset processing and
network constraints, including bandwidth limitations and latency,
often delay object updates. To make CollabMR truly immersive,
prior studies have reported strict performance thresholds. They sug-
gest that high-fidelity experiences require throughput between 400
to 600 Mbps with latencies as low as 5 to 20 ms [56, 71]. Other estab-
lished benchmarks suggest an end-to-end 15 ms Round Trip Time
(RTT) [21] as the limit for maintaining synchronization. Ultra-low
latency and high bandwidth are often assumed to be prerequisites
for presence [59], a key indicator of user experience in MR1.

Even under this assumption, it remains unclear how network
Quality of Service (QoS) maps to user Quality of Experience (QoE).
QoS is defined by objective network metrics such as bandwidth,
packet loss, delay, and jitter, which can be directly measured in
networked systems [7]. In contrast, QoE is inherently subjective
and is typically quantified through user assessments. While prior
research has concentrated on QoE for video streaming [3, 20, 31, 46,
48, 62, 68, 79] or general immersive realities [33, 39, 45, 57, 72], no
QoE models have been established to characterize the relationship
between QoE and QoS specifically in the context of CollabMR. To
explore these complexities, we propose a multi-layered conceptual
framework that explores the gap between these objective network
metrics and subjective user experiences, requiring a structured
approach to understanding how technical limitations manifest as
experiential disruptions.

1Presence reflects the subjective feeling of being in a virtual environment, either
individually or with others [59].
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Our framework begins at QoS Inputs, where latency and band-
width are varied independently to define the boundaries of content
transmission. These inputs directly shape System Responsiveness,
which covers the system’s observable real-time behavior, such as
synchronization lag and update consistency. The user experience
then further divides across three layers: Perceptual QoE that cap-
tures presence and co-presence; Cognitive QoE measures the mental
effort required to compensate for system inconsistencies; and Be-
havioral QoE validates how these factors translate into functional
outcomes like completion time and coordination errors. Tracing this
pathway identifies how system constraints accumulate to impair
the collaborative experience.

To evaluate our exploratory model, we conducted a user study
(𝑁 = 60) involving 30 pairs of participants usingMicrosoft HoloLens
2 headsets [43] connected via a controlled network. We designed
a collaborative 3D puzzle application that requires participants to
solve problems using shared virtual objects. Each group performed
the task repeatedly under four different network conditions while
the system logged objective performance metrics and network mea-
surements. Following each task, participants completed subjective
questionnaires to provide feedback on their experience. This design
allows us to analyze the transitions from technical network con-
straints to system responsiveness, and finally to the resulting user
experience. In our study, we ask the following research questions:
RQ1: How do network parameters impact user experience in Col-
laborative Mixed Reality?
RQ2: To what extent do degraded QoS parameters increase the
cognitive effort and mental demand required for users to maintain
synchronization and monitor shared object states?
RQ3: To what extent do degraded QoS parameters lead to measur-
able impairments in collaborative task performance?

2 Background and Related Work
2.1 Collaborative Mixed Reality Systems
CollabMR systems enable multiple users to simultaneously view,
manipulate, and interact with shared virtual objects that are spa-
tially registered within a common physical reference frame [6].
Unlike single-user XR, which primarily maintains consistency be-
tween a user’s tracked pose and a locally rendered scene [63, 65],
CollabMR must accommodate spatial and temporal consistency of
shared objects across multiple devices.

CollabMR also differs from XR conferencing systems, which are
typically optimized for stable audiovisual, or avatar-based com-
munication [28, 77]. In contrast, CollabMR prioritizes low-latency
synchronization of user-manipulable virtual objects within a uni-
fied spatial frame. This distinction introduces stricter requirements
on update propagation, spatial alignment, and consistency, particu-
larly for co-located users or remote collaborators interacting with
the same objects. As a result, CollabMR systems pose unique system
challenges spanning shared state management, spatial alignment,
and real-time networking. Typical architectures consist of head-
mounted displays running custom client applications, a networking
layer for propagating object state updates, and a server responsible
for coordinating users and maintaining session-level object state.

2.2 Networked State Synchronization in MR
CollabMR systems require maintaining a consistent shared virtual
state under strict network delay. From a distributed systems per-
spective, they resemble the continuously updated replicated state
systems, where object creation, movement, and deletion events
must be propagated across clients within a bounded delay [26].
Unlike traditional distributed applications, MR systems operate on
continuous spatial data, requiring frequent transmission of object
transforms.

To support this, our CollabMR system utilizes an asynchronous
networking mechanism optimized for low-latency state propaga-
tion. Perfect synchrony is infeasible due to latency and packet
variability; instead, systems aim for sufficient temporal consistency
to preserve coherent interaction [18, 19]. These constraints are espe-
cially pronounced on head-mounted devices such as the Microsoft
HoloLens 2, where rendering, interaction handling, and network
transmission must occur within a tight per-frame budget. As a
result, our CollabMR operates under a soft real-time synchroniza-
tion model, tolerating transient inconsistencies while prioritizing
timely update delivery [5, 67]. These synchronization requirements
motivate the QoS evaluated in this work.

2.3 Quality of Service in CollabMR
QoS in CollabMR refers to objective, system-level properties of
the networking and synchronization infrastructure. Common QoS
metrics include end-to-end latency, available bandwidth, packet
jitter, and packet loss [47]. Among these, latency and bandwidth are
most frequently controlled and reported in CollabMR systems, as
they directly constrain the timeliness and fidelity of shared object
updates. While prior work has reported acceptable QoS bounds for
collaborative virtual environments [27, 50], these thresholds are
highly application- and hardware-dependent. Rather than assum-
ing universal limits, our work treats QoS metrics as controllable
variables whose effects must be evaluated relative to the demands
of continuous spatial interaction in modern MR systems.

2.4 Quality of Experience in CollabMR
QoE captures users’ subjective perception of system performance,
interaction quality, and overall satisfaction [8, 73]. QoE has been
widely studied in multimedia systems, immersive media, and single-
user VR, where factors such as latency, frame rate, and visual fidelity
influence immersion and comfort [9, 73]. However, existing QoE
models primarily focus on individual or passive experiences and
do not explicitly address shared object interaction or collaborative
dynamics. In CollabMR, users must coordinate actions and adapt
to the behavior of others, introducing additional cognitive and
behavioral dimensions [2, 27].

2.4.1 Limitations of Existing QoS–QoE Mappings for CollabMR.
Existing QoS-QoE mappings typically assume single-user feedback
loops and passive content consumption [8, 73]. These assumptions
do not hold in CollabMR, where interaction is interdependent and
delays compound across local and networked processing stages.
Delayed or inconsistent object updates can affect coordination
strategies and task execution even when subjective experience
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remains stable [35, 44, 50]. Understanding CollabMR, therefore, re-
quires examining how system-level constraints propagate through
responsiveness, perception, cognitive effort, and collaborative per-
formance, motivating the structured framework and exploratory
study presented in our work.

3 Design
CollabMR allows distributed users to jointly manipulate virtual
content anchored in shared physical environments. However, de-
livering this experience requires synchronizing state, actions, and
feedback across networked systems. This section presents the the-
oretical motivation and conceptual model that guide our investi-
gation into how system-level constraints shape collaboration in
MR. Instead of assuming a fixed or causal mapping between system
metrics and experience, our design is intended to systematically
understand how network constraints are experienced by users [52]
in CollabMR. We begin by identifying the key constructs and justi-
fying their inclusion using relevant theories. We then describe a
layered conceptual model that maps potential relationships among
these constructs. This framework allows us to generate testable hy-
potheses and select appropriate metrics across system, perceptual,
and task layers.

3.1 Theoretical Foundations
We focus on three foundational constructs: (1) presence, (2) cogni-
tive load, and (3) task performance because they collectively rep-
resent the progression from system behavior to user experience
and observable outcome in CollabMR [14]. These constructs are
not arbitrary: each captures a key breakdown point in the collab-
oration pipeline. Together, they operationalize QoE as it emerges
from underlying system-level constraints, allowing us to examine
how changes in QoS manifest at multiple stages of the collaborative
experience.

3.1.1 Presence: Capturing Perceptual Quality. The subjective sense
of “being there” is fundamental to MR [59]. In collaborative set-
tings, this extends to co-presence: the sense that another user is
spatially and temporally available. These states are sustained by
timely, consistent feedback in response to user actions. When the
system fails to maintain responsive behavior, the continuity of inter-
action is disrupted, weakening users’ sense of immersion and shared
spatial awareness [52]. This additional mental effort is a known
cost that predicts drop-offs in user engagement and coordination
quality [16]. Prior work shows that inconsistencies (mismatched
object states [10], delayed reactions [12]) reduce immersion, break
presence [13], and degrade user experience [76]. Our framework
includes presence as a necessary perceptual component impacted
by responsiveness. Spatial and temporal lags disrupt user engage-
ment and impair social perception of others in shared space [64].
Without the perception of being immersed in a shared space, users
struggle to coordinate actions [49], maintain spatial awareness [78],
and interpret partner behavior [61]. Thus, presence serves as a
proxy for QoE and an early, sensitive indicator of QoS degradation.
However, presence alone cannot explain how users compensate for
or adapt to degraded responsiveness, motivating the inclusion of
cognitive and behavioral components in our framework.

3.1.2 Cognitive Load: Capturing User Effort. When the system is
less responsive due to network-induced delays or inconsistent up-
date delivery (delayed object updates or intermittent feedback),
users must invest additional mental effort to interpret outcomes
or repeat actions [23]. In the context of MR, when the system is
inconsistent or unresponsive, users must actively compensate by
mentally tracking object states, confirming collaborators’ actions,
or waiting for delayed feedback. This might involve rechecking
the object state, waiting for confirmation, or adjusting actions to
account for delay. This redirection of effort for compensatory behav-
iors increases cognitive load, which can degrade attention, reduce
engagement, and lead to poor coordination [24]. Including cogni-
tive load allows us to test whether perceptual and performance
effects of degraded QoS are direct or effort-driven. Cognitive Load
Theory [69] posits that human working memory and attention are
limited resources. When these are redirected to manage system
inconsistencies, users have fewer resources available for core task
execution or collaborative interaction. Prior work in interactive
systems confirms that system instability increases mental demand,
even when overall task complexity remains unchanged [36].

3.1.3 Task Performance: Capturing Functional Outcomes. Regard-
less of subjective experience, collaborative systems must enable
users to complete tasks efficiently and accurately. Task performance
represents the concrete output of the system under different condi-
tions. It provides final-layer validation that presence and load effects
translate into actual impairment. Prior work suggests that task ef-
ficiency and accuracy decline as cognitive demand increases [51].
The inability to maintain a shared state or anticipate partner actions
in collaborative contexts introduces delays and coordination fail-
ures [14]. Ultimately, the system fails in its functional objective if
users cannot complete a collaborative task efficiently and accurately.
Errors, delays, and misalignments in object state reflect concrete
consequences of degraded system experience. Including task perfor-
mance allows us to test whether upstream perceptual and cognitive
effects yield observable behavioral outcomes. In this sense, task
performance can serve as a validation layer, revealing whether ex-
periential degradation caused by system unresponsiveness results
in measurable collaborative breakdowns.

3.1.4 Bringing QoE Together. In combination, presence, cognitive
load, and task performance form a layered and observable expres-
sion of QoE in CollabMR. Unlike traditional applications, where
QoE may be captured by a single satisfaction rating or engagement
score, we present a more structured view of what the CollabMR
experience demands. Here, QoE emerges through:

• Perceptual fidelity, reflected in presence and co-presence;
• Cognitive cost, reflected in the mental effort users must
expend to coordinate in degraded conditions; and

• Functional outcomes, reflected in how effectively users
complete collaborative tasks.

These components are theoretically distinct but operationally
linked. For instance, degraded responsiveness may directly reduce
presence or increase cognitive load, which in turn reduces per-
formance and user satisfaction. We include all three constructs to
capture (1) whether QoE degrades under constrained conditions and
(2) how and where that degradation occurs. This multi-dimensional
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view of QoE allows us to evaluate different aspects of user expe-
rience and test multiple explanatory pathways. It also aligns with
recent calls in immersive systems research to move beyond iso-
lated user experience metrics and consider the full experiential and
behavioral arc [11, 49].

3.2 Conceptual Model
In the previous section, we established our theoretical foundation
for understanding user experience in CollabMR.

Here, we connect these experiential constructs to system-level
QoS constraints. These constraints shape how quickly and consis-
tently shared object states and interactions are propagated across
collaborative users [53], thereby influencing the temporal and spa-
tial coherence of collaboration. As upstream system inputs, QoS
parameters can introduce timing mismatches, reduce state fidelity,
and limit responsiveness, creating conditions under which coordi-
nation and shared perception become unstable [21]. While many
network metrics and resource functions may affect collaborative
systems (jitter, packet loss, delay, and bandwidth) [74], we focus in
this initial study on latency and bandwidth as primary system-level
constraints. This focus is motivated by their central role in shap-
ing interaction dynamics: delayed action feedback can disrupt the
co-perception of object manipulations [34] and impair temporal
coordination [30], while insufficient bandwidth can reduce update
frequency or state resolution, harming spatial alignment [40] and
mutual awareness [58]. Together, these parameters define the opera-
tional conditions under which shared interaction unfolds and bound
the range of system behaviors experienced by users. They also rep-
resent a fundamental tradeoff space in real-world MR deployments,
where system designers must balance update rate versus precision,
responsiveness versus visual fidelity, and consistency versus frame
loss under practical network constraints.

In this section, we connect these experiences to QoS constraints.
These system-level inputs affect how quickly and consistently
shared object states and interactions are reflected across users [53].
Thus, they are upstream levers that can introduce timing mis-
matches, lower visual or state fidelity, and limit responsiveness.

3.2.1 Why Latency and Bandwidth? Latency and bandwidth are the
two QoS parameters [1, 37] we manipulate because they are both
theoretically grounded and practically impactful in networked MR
systems. Latency governs how long it takes for one user’s action
to be reflected in the partner’s view, directly shaping action-to-
feedback delay and temporal coupling. These parameters are (1)
independent, unlike jitter or packet loss, which are harder to control
and may introduce stochastic randomness or noise [15]. Latency
and bandwidth can be systematically varied and modeled under
controlled conditions. (2) Sufficient to affect distinct dimensions of
responsiveness, since latency primarily affects temporal immediacy,
while bandwidth affects update continuity and representational
fidelity. (3) Representative of real-world deployment constraints, as
most MR systems must balance frame rate, quality, and interactivity
within limited bandwidth or in high-latency mobile, wireless, or
cloud-edge deployments [70].

3.2.2 Overview of themodel. To structure this relationship between
system constraints and user experience, our model consists of five

Figure 1: Conceptual model of QoS–QoE relationships in
CollabMR. Arrows indicate hypothesized directional rela-
tionships.

interconnected layers, each representing a distinct but related class
of variables:
Layer 1: QoS Inputs. The network layer, where latency and band-
width are varied independently. These controllable system-level
parameters bound how quickly and how completely shared content
is transmitted.
Layer 2: System Responsiveness. This layer reflects the system’s
observable real-time behavior, including action-to-feedback delay,
object synchronization lag, and update rate consistency. Thesemetrics
are shaped by QoS inputs.
Layer 3: Perceptual QoE. This layer captures users’ subjective
experience of the system’s responsiveness, including presence, and
co-presence, which shape immersion and mutual awareness.
Layer 4: Cognitive QoE. This layer represents the cognitive effort
required to maintain coordination under degraded responsiveness,
operationalized through perceived mental demand and monitoring
overhead.
Layer 5: Behavioral QoE (Performance). The final layer reflects
how system and experiential conditions manifest in collaborative
task outcomes, including completion time, coordination errors, and
execution smoothness.
3.2.3 System-to-Experience Pathways. Figure 1 provides an overview
of the model’s structure and flow. At the first level, network QoS
inputs (latency and bandwidth) shape the system’s responsiveness
by determining how quickly and reliably user actions are reflected
across devices. Higher latency increases action-to-feedback delay
and shared object update lag. Limited bandwidth constrains the
frequency and fidelity of transmitted updates, particularly during
periods of interaction bursts or sustained state change. Together,
these factors limit the system’s ability to maintain timely and con-
tinuous synchronization of shared virtual content.

System responsiveness, in turn, influences multiple experiential
constructs. It affects users’ sense of presence by shaping the conti-
nuity and reliability of interaction feedback: as responses become
delayed or inconsistent, users are less likely to perceive themselves
as immersed in a coherent shared environment or as co-located
with their collaborator. Responsiveness also introduces cognitive
demands. When the system fails to behave as expected, users must
monitor, adapt, and compensate for uncertainty in system state,
increasing mental effort and coordination overhead.
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Finally, both perceptual disruption (presence) and increased cog-
nitive load feed into observable task performance. Reduced presence
may lead to disengagement or confusion, while increased cognitive
effort can slow task execution and increase coordination errors.
Responsiveness may also affect performance directly by delaying
the propagation of critical actions between users, leading to inef-
ficiencies and misaligned operations. As such, task performance
functions as an integrative outcome that captures the compounded
effects of degraded responsiveness, impaired perception, and elevated
cognitive effort.

3.2.4 Mapping Hypotheses to the Model. Our hypotheses are de-
rived from the theoretical pathways embedded in our conceptual
model. Each hypothesis set targets a specific dimension of user ex-
perience or behavior and traces its origin back to the manipulated
QoS conditions. To this end, we test the following hypotheses. For
clarity, each hypothesis is labeled asHypothesis Number (Conceptual
Pathway): Hypothesis Statement (Corresponding Research Question),
where the conceptual pathway indicates the direction of influence
examined in our model.

- H1: (QoS Inputs → Responsiveness → Perceptual QoE): Varia-
tions in latency and bandwidth impact perceptual experience
(presence) in CollabMR (RQ1).
- H2: (QoS Inputs→ Responsiveness→ Cognitive QoE): Increased
latency and reduced bandwidth lead to higher cognitive load
(RQ2).
- H3: (Responsiveness→ Cognitive QoE→ Behavioral QoE): In-
creased cognitive effort negatively impacts participants’ collab-
orative task performance, reflected in longer task completion
times and increased coordination errors (RQ3).
In this formulation, task outcomes are a downstream result of

both system constraints and the user’s perceptual and cognitive
responses. Together, these hypotheses allow us to test whether
performance or experience metrics degrade under poorer QoS.

4 User Study
In this section, we present the details of our controlled human sub-
ject study to understand how different network conditions impact
user experience in CollabMR. Our study aims to observe collabo-
rative performance under varying network constraints, focusing
on how network latency and bandwidth limitations influence user
perception (presence and cognitive load) and task performance
reflected in interaction patterns.

To this end, we evaluate four network conditions: low latency
(LL), where no artificial delay or bandwidth constraints are imposed;
high latency (HL), where end-to-end network delay is increased to
simulate delayed action feedback; high bandwidth (HB), which al-
lows near-unrestricted data transmission; and low bandwidth (LB),
where available bandwidth is constrained to limit update frequency
and fidelity. These conditions allow us to isolate and systematically
study how latency and bandwidth affect collaboration in CollabMR.

4.1 Participants
We conducted an a priori power analysis for a within-subject study
with four conditions (LL, HL, LB, HB). Assuming a medium effect
size (𝑓 = 0.25), four repeated measures, 𝛼 = 0.05, desired power

of 0.95, and a nonsphericity correction of 𝜀 = 1, the analysis rec-
ommended a minimum sample size of 48 participants (24 pairs).
We recruited 60 participants, forming 30 collaborating pairs, where
each pair interacted together in a shared MR environment dur-
ing the collaborative task. Participants had a mean age of 26.37
years (SD = 10.22) and included 43 male-identifying, 16 female-
identifying, and 1 non-binary-identifying individuals. All partici-
pants had normal or corrected-to-normal vision and provided in-
formed consent. Demographic information and prior familiarity
with immersive technologies are summarized in Table 1. The study
protocol was reviewed and approved by our Institutional Review
Board.

Client n

Particpant A Particpant BPuzzle Application
TC
Network Monitoring

Figure 2: CollabMR Experimental Setup and Network Con-
figuration.

4.2 Apparatus and Network Setup
We used two HoloLens 2 [43] head-mounted displays and a local
server to coordinate shared state across participants, as shown
in Figure 2. The HoloLens 2 provides an untethered MR experience
with inside-out tracking and gesture recognition. We developed a
custom collaborative puzzle application in Unreal Engine (using
the Microsoft Mixed Reality Toolkit) to render 3D virtual puzzle
pieces and enable multi-user interactions. Each headset rendered
the shared virtual content and supported direct manipulation of
virtual objects using native hand-tracking interactions. Participants
were invited to a shared lab room with a designated 10ft ×5ft
space. They were informed that they could move freely within this
area during the task.

The server hosted the collaboration logic, including object state
synchronization, task progression, and event logging. We used a
dedicated local server (a high-performance PC) to handle multi-user
state synchronization via a standard Ethernet switch, allowing us
to avoid variability introduced by wireless interference and back-
ground traffic. All HoloLens devices were connected to this server
over a controlled Gigabit Ethernet network, ensuring a stable base-
line with minimal uncontrolled latency or packet loss. To emulate
network constraints, we introduced artificial latency and bandwidth
limits using Linux Traffic Control (tc) [41]. The server applied tc
qdisc netem rules [42] to each HoloLens client’s traffic to im-
pose precise one-way network delays and throughput caps. This
setup allowed us to systematically control networking conditions
in software.

For each experimental trial, the desired latency and bandwidth
setting were configured on the server before the task began. We
implemented four network profiles across our four experimental
conditions as listed in Table 2. LL (no limitation), HL (50-70 ms
RTT delay), crossed with HB (unthrottled, up to 867 Mbps) and
LB (throttled, 10 Mbps). These values were chosen to represent a
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Table 1: Demographic and media usage results across all participants. Key for frequency, lowest to highest: never/almost never;
rarely (< 2 times); occasionally (a few times); frequently in the past; frequently (> 2 times/month), with used to representing
those who have had experience before, but not lately.

Value Results
Gender 1 non-binary; 16 female; 43 male
Age mean = 26.37; standard deviation = 10.22
Prior familiarity with participant in pair yes=33;no=27
Familiarity with Augmented Reality never=23; rarely=15;occasionally=20; frequently=1;used to=1
Familiarity with Virtual Reality never=8; rarely=21;occasionally=28; frequently=2;used to=1
Familiarity with Video Games never=6; rarely=10;occasionally=12; frequently=22;used to=10

best-case local network scenario versus a degraded network sce-
nario akin to congested or long-distance connections [22]. The
HoloLens application exchanged only state-update messages (object
transformations and event triggers) so that the chosen bandwidth
limits, including the LB condition, remained above the minimum
required for basic functionality. This design choice allowed us to
preserve experimental control by aligning conversational timing
with system-mediated interaction timing. This setup allowed us to
systematically vary latency and bandwidth while holding all other
system factors constant.

Table 2: Bandwidth and Latency Conditions
Condition Bandwidth Latency
Low Latency (LL) No Limit No Limit
High Bandwidth (HB) 867 Mbps No Limit
Low Bandwidth (LB) 10 Mbps No Limit
High Latency (HL) No Limit 50–70 ms RTT

4.3 Experimental Task
We designed a shared 3D puzzle assembly task that requires tight
coordination and continuous awareness of a partner’s actions. We
chose this task to reflect a common CollabMR scenario in which
users must manipulate shared virtual objects anchored in physical
space while maintaining a consistent understanding of object state
and partner intent.

Figure 3: The nine individual pieces of the puzzle (separated),
shown on the left. The completed puzzle, shown on the right.

4.3.1 Primary Task. The primary task involved collaboratively
assembling a 3 × 3 virtual puzzle composed of nine distinct pieces
into a fixed configuration (as shown in Figure 3). Both participants
were in the same roomwhen performing the task and, as such, were
in each other’s direct lines of sight. At the beginning of each trial,
a single anchor piece was placed at a known reference location
(as shown in Figure 4a). Subsequent pieces were spawned one at a
time and had to be jointly positioned and oriented correctly by the
two participants (as shown in Figure 4b). Only one movable piece
was active at any given time, requiring participants to coordinate
turns, communicate intent, and monitor object state updates. A
piece snapped into place automatically when it was moved within
a predefined spatial and angular tolerance of its target position,
providing immediate visual confirmation. Once placed, the next
piece was spawned, and the process continued until the puzzle was
complete (as shown in Figure 4c). Each puzzle assembly constituted
one trial.

4.3.2 Virtual Scene and Cues. The virtual puzzle was rendered in
a shared MR scene anchored to the physical environment using
a printed QR code as a spatial reference. This reference ensured
consistent alignment of virtual content across both headsets and
allowed participants to reason about object positions relative to
a common frame of reference. The virtual environment itself was
intentionally minimal to avoid visual distractions and to focus at-
tention on the shared task. Visual cues were limited to the puzzle
pieces themselves and their snapping behavior upon correct place-
ment. No additional instructional prompts were shown during the
task, allowing collaboration strategies to emerge naturally.

4.3.3 Interaction and Feedback. Participants interacted with puzzle
pieces using the HoloLens 2 hand-tracking system, supporting both
near-field direct grabs and far-field ray-based interactions. These
interaction modalities reflect commonMRmanipulation techniques
and allowed participants flexibility in how they approached the
task. Feedback was primarily visual and action-based. When a piece
was grabbed, moved, or released, the corresponding state update
was propagated to the partner’s view. Correct placement triggered
an immediate snap-to-position animation, serving as confirmation
for both users.

4.4 Measures
We collected a combination of objective system-levelmetrics, interaction-
level performance measures, and subjective user-reported assess-
ments. Interaction logs captured timestamps for object grabs, move-
ments, releases, spawn events, and snap completions, alongwith the
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A B C

Figure 4: Visual stages of the collaborative puzzle assembly task. (a) initial placement of the anchor puzzle piece at the shared
reference location, (b) active manipulation and alignment of subsequent pieces, and (c) a nearly completed puzzle assembly.
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Figure 5: Outline of the user study procedure.

interaction type used. These logs were used to compute task comple-
tion times, coordination delays, and error-related behaviors.Network-
level measurements were collected at the server, including packet
timing and throughput, allowing us to associate interaction events
with underlying network behavior. This enabled analysis of how im-
posed latency and bandwidth constraints manifested at the system
level.

Subjective experience was assessed using standardized question-
naires administered after each block of trials under a given network
condition. Presence with the IPQ [60] and PQ [66] questionnaires,
cognitive load through NASA-Task Load Index (NASA-TLX) [29].
The PQ evaluates factors such as the possibility to act and examine,
realism, self-evaluation, and interface quality. The IPQ measures
spatial and general presence, realism, and involvement. The pres-
ence scores are derived from 33 items (14 IPQ and 19 PQ), the
cognitive load score is derived from 5 items from NASA-TLX, and
group behavior from 5 items from our custom-designed survey on a
7-point scale. We also deployed a custom questionnaire [14] to mea-
sure participants’ perspectives on how their group interacted. The
group behavior characterization questionnaire assesses key aspects,
including contribution awareness, shared attention, proximity im-
pact, conversational support, and overall group collaboration. We
use this custom group characterization questionnaire because of
our high trial repetition count to reduce response burden.

4.5 Pilot Study
Prior to the main study, we conducted a pilot study to validate
task parameters and ensure feasibility within the allotted session
time. We evaluated different spatial and angular thresholds for
puzzle piece snapping and determined that a tolerance of 5 cm
in position and 15 degrees in orientation provided clear feedback
without trivializing the task. We also explored different numbers of
puzzle repetitions per condition. Configurations with more than
six repetitions led to excessive session duration, increased headset
battery drain, and participant fatigue. Based on these observations,
we selected six puzzle assemblies per condition to balance data
richness and participant comfort.

4.6 Study Procedure
The study procedure is shown in Figure 5. Each study session began
with informed consent, a demographic questionnaire, and a brief
introduction to the HoloLens 2 interaction techniques. Participants
were informed that they would collaboratively assemble multiple
puzzles under varying conditions, but were not told the specific
focus on network behavior to reduce expectancy effects. For each
experimental condition, participants completed six consecutive
puzzle assemblies. The order of conditions was counterbalanced
across pairs using a Latin square design to mitigate order effects. Be-
fore each condition, the server applied the corresponding network
constraints and initialized logging.

During each trial, participants collaboratively assembled the
puzzle until completion, after which the next trial began automat-
ically. Upon completing all six trials for a condition, participants
removed their headsets and independently filled out a post-task
questionnaire on cognitive load, presence, and perceived collabo-
ration. This cycle repeated for all four conditions. The time each
group took to complete the task varied; however, the total session
duration, including consent, briefing, training, calibration, the task,
and surveys, lasted under an hour.

5 Experiment Analysis
We report results by progressively moving through the layers of
our conceptual model (§3.2), from network-level behavior to system
responsiveness, user experience, and collaborative performance.
Unless otherwise noted, all results are reported across all 30 par-
ticipant pairs and four experimental conditions (LL, HL, LB, HB).

5.1 Network Conditions and Responsiveness
Validation

We first verified that the imposed network conditions produced the
intended QoS differences, corresponding to Layer 1 (QoS Inputs)
and their direct manifestation in Layer 2 (Responsiveness) in our
conceptual model (§3.2.2). LL, LB, and HB conditions exhibited
negligible packet latency (all < 1 ms on average), while the HL
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Table 3: Network performance metrics across experimental conditions.

Measure LL HL LB HB
Average packet latency (ms) 0.2321 60.2542 0.2817 0.2866
Average bandwidth utilization (Mbps) 0.0591 0.0626 0.0741 0.0556
Packet loss (%) 0.1414 1.2133 0.0321 0.1531
Average jitter (ms) 0.0670 6.9654 0.0812 0.0796
Effective object jitter (ms) 16.9360 88.3110 14.8340 16.1966
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Figure 6: Histogram of packet latency measurements col-
lected under the HL condition across all experimental traces.

condition showed a substantially increased mean latency of approx-
imately 60 ms, consistent with the configured delay range. Figure 6
further confirms that latency in the HL condition followed a stable
latency distribution consistent with the imposed tc netem config-
uration, centered around the intended delay range (∼ 50 − 70 ms
RTT), with a mean near 60 ms.

Bandwidth utilization remained low across all conditions, consis-
tent with the application’s communication profile, which primarily
involved lightweight state-update messages rather than continuous
high-rate data streams. As a result, the reduced throughput in the
LB condition did not induce packet loss or congestion. In this set-
ting, bandwidth throttling constrained available capacity without
disrupting the transmission of interaction-critical updates.

Average network jitter increased in the HL condition, as ex-
pected due to delayed packet delivery. We manipulated latency
through an injected delay that resulted in packets having RTTs
within a 50-70 ms range following a normal distribution to simulate
typical real-world latency, which generates jitter from the varied
inter-packet latencies. However, raw packet-level jitter alone does
not directly reflect users’ perceptual experience of object motion.
To better capture perceptually relevant instability, we computed an
application-level metric of effective object jitter based on the number
of skipped movement updates. State-update packets were indexed,
and packets arriving out of order (with indices lower than the most
recently accepted update) were discarded to prevent visible oscil-
lations from back-and-forth state corrections, and we mark these
as lost packets. While this mechanism preserves visual stability
under mild delay, sustained packet reordering can cause multiple
consecutive updates to be skipped, leading to abrupt state correc-
tions in object position, which we refer to as object snapping. This
effect is captured indirectly through elevated effective object jitter
values (Table 3), which exceed multiple display frames in the HL
condition. All conditions except HL exhibited effective object jitter

(a) Participant B contributes more than participant A.

(b) Participant A contributing more than participant B.

Figure 7: Example groups with highly asymmetric interac-
tion effort during puzzle assembly, measured by grab activity.

on the order of a single display frame, consistent with expected ren-
dering behavior. In contrast, the HL condition produced effective
object jitter exceeding five times the display update interval of the
HoloLens 2, indicating substantially reduced temporal consistency
in object motion despite stable packet delivery.

5.2 Interaction Patterns and Coordination
Strategies

Before aggregating results across conditions, we examined inter-
action behavior at the group level to understand how participants
coordinated during the collaborative task and to contextualize
later condition-level analyses. Analysis of headset logs revealed
substantial variability in how effort was distributed between part-
ners. Figure 7 and Figure 8 show representative examples of groups
with highly asymmetric and highly balanced effort distributions,
respectively. Specifically, Figure 7a and Figure 7b illustrate two
groups (Group 4 and Group 14) exhibiting large asymmetries in
grab activity, in which one participant contributed substantially
more interaction effort than their partner. In contrast, Figure 8a
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and Figure 8b show two groups (Group 16 and Group 2) with near-
balanced effort distributions. Importantly, this asymmetry was not
systematically associated with participant role (A vs. B) or with
any specific network condition. Across the full trace that we col-
lected in our study, effort dominance was nearly evenly split, with
comparable numbers of groups showing greater contribution from
either participant based on total piece-held time and grab counts.

(a) Near-equal activity with participant A dominating.

(b) Near-equal activity with participant B dominating.

Figure 8: Example groups showing balanced interaction effort
between collaborators during puzzle assembly.

Beyond these quantitative differences, we observed recurring
qualitative collaboration strategies across groups. Some pairs adopted
a shared approach, where one participant transported puzzle pieces
while the other performed final placement. Other pairs used a split
strategy, either alternating responsibility across puzzle iterations
or allowing one participant to complete most of a given puzzle
while the partner observed before switching roles. A smaller subset
of groups exhibited competitive behavior, in which both partici-
pants attempted to grab newly spawned pieces opportunistically
or override the partner’s actions. The groups shown in Figure 7
and Figure 8 are presented as illustrative examples of these broader
interaction patterns, rather than as representative averages. These
interaction patterns varied widely between groups and emerged
independently of network conditions, providing important context
for interpreting subsequent task performance and collaboration
perception measures. We also like to clarify that we do not interpret
condition-level differences in interaction balance or grab duration
here, as these metrics primarily reflect group-specific coordination
styles rather than systematic effects of network constraints.

5.3 Subjective Experience and Cognitive Effort
We next examined subjective measures corresponding to Layer 3
(Perceptual QoE) and Layer 4 (Cognitive QoE) in our conceptual

model (§3.2.2) to assess how participants experienced collaboration
under varying experimental conditions. Table 4 summarizes mean
questionnaire scores aggregated across participants and conditions.

Across all four conditions, participants reported consistently
high levels of presence, collaboration quality, and social engage-
ment. Measures of perceptual experience, including IPQ, PQ, and
the combined presence score, remained stable across LL, HL, LB,
and HB. Mean presence ratings differed by less than the standard
deviation across conditions, suggesting that participants did not
perceive a noticeable degradation in immersion even when system
responsiveness was reduced. Similarly, subjective collaboration
constructs, such as cohesion, attention, conversation quality, and
overall collaboration, showed minimal variation across conditions.
Scores for these constructs were uniformly high, indicating that
participants maintained a strong sense of shared activity and mu-
tual engagement regardless of latency or bandwidth constraints.
Together, these results suggest that collaborative experience was
robust to the tested network impairments, even when objective
performance metrics showed modest degradation.

Table 4: Subjective experience measures (mean ± standard
deviation) across experimental conditions.

Construct LL HL LB HB
Presence Questionnaires

IPQ 3.91±1.20 3.92±1.24 3.88±1.14 3.87±1.05
PQ 5.40±1.05 5.29±1.02 5.34±0.96 5.42±0.91
Combined Presence 4.65±1.00 4.61±1.00 4.61±0.92 4.64±0.88

Cognitive Effort Questionnaire
NASA-TLX 2.38±1.12 2.43±1.30 2.47±1.22 2.20±0.95

Custom Group Behavior Questionnaire
Cohesion 5.78±1.52 5.87±1.61 6.12±1.29 6.27±1.06
Attention 5.57±1.39 5.62±1.34 5.83±1.25 5.68±1.27
Proximity 4.52±2.09 4.43±2.11 4.55±2.07 4.47±1.96
Conversation 5.32±1.85 5.45±1.73 5.53±1.76 5.75±1.62
Collaboration 6.13±1.49 6.17±1.34 6.25±1.22 6.28±1.09

Cognitive effort followed a similar pattern. NASA-TLX scores
remained low and tightly clustered across conditions, with no clear
increase under higher latency or reduced bandwidth. This indicates
that participants did not perceive degraded network conditions
as substantially more mentally demanding, despite measurable
increases in interaction effort and task duration underHL. In other
words, users appeared able to compensate behaviorally for reduced
responsiveness without experiencing a corresponding increase in
perceived workload.

Table 5 provides a finer-grained view of perceptual experience
by reporting PQ and IPQ subscales scores, separated by network
condition and participant role. For PQ, the subscales capture dimen-
sions of action control (ACT), interface quality (IFQUAL), perceived
realism (REAL), examination and exploration (EXAM), and over-
all experienced quality (EVAL) of the virtual environment. Across
all conditions, these dimensions remained largely stable, indicat-
ing that users’ sense of control, realism, and engagement with the
shared scene were not systematically disrupted by increased la-
tency or reduced bandwidth. Similarly, IPQ subscales assessing
general presence (GP), spatial presence (SP), involvement (INV),
and experienced realism (REAL) showed only minor, unsystematic
fluctuations across conditions. No consistent trend emerged that
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Table 5: PQ and IPQ subscale Mean ± Standard deviation per participant role, computed from aggregated scores per condition.
Participants PQ IPQ
per Condition ACT IFQUAL REAL EXAM EVAL GP SP INV REAL

LL
A+B 5.69±1.27 5.20±1.57 5.09±1.45 5.54±1.35 5.98±1.36 4.88±1.60 4.59±1.64 3.22±1.79 3.51±1.71
A 5.81±1.35 5.17±1.65 5.09±1.53 5.44±1.44 5.82±1.47 4.63±1.87 4.42±1.67 3.17±1.74 3.29±1.61
B 5.57±1.17 5.23±1.49 5.09±1.36 5.63±1.24 6.15±1.22 5.13±1.23 4.75±1.60 3.26±1.83 3.73±1.76

HL
A+B 5.47±1.38 5.02±1.55 5.00±1.55 5.52±1.31 6.05±1.37 4.80±1.58 4.44±1.62 3.35±1.85 3.61±1.82
A 5.58±1.36 5.17±1.49 4.96±1.61 5.47±1.37 6.02±1.52 4.77±1.71 4.43±1.77 3.45±1.94 3.67±1.83
B 5.37±1.38 4.88±1.58 5.04±1.48 5.57±1.24 6.08±1.20 4.83±1.44 4.45±1.47 3.25±1.74 3.54±1.81

LB
A+B 5.48±1.28 5.09±1.46 5.08±1.43 5.53±1.23 6.03±1.35 4.77±1.57 4.47±1.61 3.34±1.79 3.45±1.72
A 5.52±1.40 5.09±1.50 5.01±1.54 5.32±1.26 5.87±1.56 5.00±1.48 4.27±1.74 3.59±1.78 3.45±1.72
B 5.44±1.16 5.09±1.42 5.15±1.32 5.73±1.15 6.18±1.07 4.53±1.63 4.66±1.45 3.08±1.76 3.45±1.72

HB
A+B 5.70±1.17 5.19±1.49 5.16±1.39 5.49±1.28 6.03±1.17 4.83±1.50 4.53±1.60 3.12±1.63 3.55±1.64
A 5.70±1.19 5.21±1.49 5.02±1.43 5.43±1.33 5.83±1.34 4.80±1.58 4.47±1.70 3.26±1.66 3.58±1.56
B 5.71±1.16 5.17±1.49 5.30±1.33 5.56±1.23 6.22±0.93 4.87±1.41 4.59±1.50 2.98±1.59 3.52±1.73

would suggest degraded perceptual experience under higher latency
or lower bandwidth. In particular, involvement and spatial presence
scores remained comparable across all network settings, suggesting
that participants maintained a coherent sense of co-presence with
their collaborator despite changes in responsiveness.

Differences between participant roles (A vs. B) were small and
inconsistent across both PQ and IPQ subscales. This indicates that
perceptual experience was not strongly shaped by interaction dom-
inance or role asymmetry, even in groups exhibiting uneven dis-
tributions of interaction effort. Taken together, the subscale-level
analysis reinforces the aggregate results in Table 4, showing that
perceptual QoE remained resilient within the range of network
changes examined in our study.

5.4 Task Performance and Behavioral Outcomes
We next examined behavioral performance metrics corresponding
to Layer 5 (Behavioral QoE) in our conceptual model (§3.2.2). Ta-
ble 6 summarizes task completion time, interaction effort, and bal-
ance metrics across conditions. On average, participants took longer
to complete the task under theHL condition than under LL and LB,
reflected both in overall task completion time and in longer average
time per puzzle. The HL condition also showed increased average
time active per puzzle piece and longer puzzle durations, suggesting
that delayed responsiveness modestly slowed task execution and
interaction pacing.

Across conditions, interaction balance ratios remained almost
the same, indicating that effort was generally distributed between
collaborators rather than dominated by a single participant. Average
grab durations were comparable across conditions for both partic-
ipants, with only small numerical differences and no consistent
monotonic trend in latency or bandwidth. While HB showed the
longest average task and puzzle completion times, these differences
did not follow a systematic pattern tied to network constraints.
We therefore treat these interaction-level metrics as descriptive
indicators of collaboration behavior rather than as evidence of
condition-driven performance effects.

Figure 9a and Figure 9b further show how interaction effort
varied across groups and conditions. While absolute effort levels
differed substantially between groups, a consistent pattern emerged

under increased latency. In 19 out of 30 groups, total held time was
higher inHL than in LL, and a similar pattern was observed for grab
counts. This suggests that increased latency, which delayed system
responsiveness, led participants to spend more time actively manip-
ulating objects, even when overall task strategies differed between
groups. Importantly, this effect appeared as a shift in interaction
intensity rather than a change in collaboration style, reinforcing
that latency primarily influenced execution efficiency rather than
coordination roles.

At a finer granularity, piece-level analysis revealed that interac-
tion effort was not uniformly distributed across the task. Figure 10a
and Figure 10b show that the central puzzle piece consistently re-
quired more interaction across all conditions, as reflected by both
longer held times and higher grab counts. This effect was stable
across network settings and likely driven by task-specific properties,
such as the near-symmetric geometry of the central piece, which
increased alignment ambiguity. Although not directly attributable
to network conditions, this finding highlights how intrinsic task
difficulty can amplify the impact of reduced system responsiveness,
particularly under higher latency.

Notably, bandwidth constraints alone did not affect task perfor-
mance. The LB condition exhibited task completion times, held
durations, and grab counts comparable to LL, indicating that the
application’s communication demands remained well below the
imposed bandwidth threshold. Together, these results suggest that
latency, unlike bandwidth, was the dominant network factor shaping
interaction effort and execution efficiency in our CollabMR task.

6 Discussion
6.1 Interpreting results
Our study is intended as an exploratory investigation rather
than a confirmatory test of fixed causal relationships between net-
work QoS and user experience in CollabMR. The imposed network
conditions produced clear and measurable differences in system
responsiveness, as validated by packet-level and application-level
metrics (Table 3, Figure 6). Our goal was to observe how these
differences manifest across perceptual, cognitive, and behavioral
layers under realistic collaborative behavior, rather than to establish
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Table 6: Summary of task performance and interaction metrics across experimental conditions.
Measure LL HL LB HB
Average task completion time (s) 597.395 659.525 575.659 685.154
Average time active per piece (avg ± std) 10.539 ± 16.294 11.854 ± 21.290 10.133 ± 15.441 12.119 ± 24.886
Interaction balance ratio A/B 1.036 0.925 0.942 0.839
Average grab duration (s) 2.083 2.133 2.045 2.160
Average grab duration A (s) 2.083 2.133 2.045 2.160
Average grab duration B (s) 1.741 2.158 1.984 2.137
Average time per puzzle (s) 99.566 109.921 96.479 114.192
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Figure 9: Group-level interaction balance variability across experimental conditions.

strict causal mediation. These differences propagated to interac-
tion behavior and task execution, but did not consistently surface
in users’ reported experience. This divergence between objective
responsiveness and subjective perception is how we interpret our
findings across the layers of our model.

Perceptual experience remained stable across all conditions.
Presence and co-presence measures showed minimal variation
across latency and bandwidth manipulations (Table 4, Table 5),
with condition-level differences well within the reported variance.
In the context of our exploratory study, these results suggest that
within the tested range, the network perturbations were insuf-
ficient to reliably disrupt perceptual QoE given the observed task
strategies. Behavioral observations help contextualize this result.
Many groups were not visually attending to objects during continu-
ous motion, and several adopted collaboration strategies in which a
single participant completed entire puzzle iterations independently.
In these cases, object motion was either not directly observed or

was locally rendered, reducing exposure to network-mediated de-
lays. Thus, we do not find evidence to supportH1 within the scope
of our study.

A similar pattern emerged for cognitive effort. Despite increased
interaction cost under higher latency, reflected in longer task du-
rations and greater object manipulation time (Table 6, Figure 9),
NASA-TLX scores remained low and consistent across all condi-
tions (Table 4). Rather than indicating an absence of cognitive
impact, this suggests that participants were able to adapt behav-
iorally without consciously reporting increased mental demand.
System-level design choices further help explain this outcome: state-
update indexing and out-of-order packet rejection preserved visual
stability, preventing oscillatory corrections that might otherwise
increase monitoring effort. As an exploratory finding, this indicates
that cognitive compensation may occur without being reflected in
self-report measures. Accordingly, H2 is not supported within the
sensitivity of our measures.
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Figure 10: Piece-level interaction effort during collaborative
puzzle assembly.

Behavioral performance exhibited more consistent condition-
linked effects. Under higher latency, participants took longer to com-
plete tasks, spent more time actively manipulating puzzle pieces,
and showed increased interaction effort across the majority of
groups (Table 6, Figure 9a, Figure 9b). These effects were robust
across groups despite wide variation in collaboration style. Im-
portantly, these performance differences emerged without corre-
sponding changes in perceived workload or presence, suggesting a
dissociation between experienced quality and execution efficiency.
Because we do not observe mediation through cognitive QoE or a
direct linkage between subjective measures and performance, H3
is supported descriptively but not through a confirmed experiential
pathway; so it is partially accepted.

6.2 Implications
As we established in the earlier section, our findings are not intended
to define hard thresholds or causal mappings between network QoS and
QoE. Instead, they highlight the conditions under which such
mappings may or may not surface in any CollabMR tasks.
The results suggest that perceptual and cognitive robustness in
CollabMR can mask underlying performance degradation. Relying
solely on subjective QoE measures risks overlooking latent execu-
tion costs introduced by reduced responsiveness. This reinforces
the need for further analyses that combine system metrics, behav-
ioral traces, and self-report data when studying CollabMR. Task
structure plays a central role in whether network effects surface at
the experiential level. Tasks that permit independent completion

or minimize shared object motion can significantly dampen per-
ceptual sensitivity to latency. Future confirmatory studies should
deliberately constrain collaboration strategies (enforced handoffs or
interdependent actions) to increase exposure to network-mediated
effects.

Within the scope of our task, latency emerged as the dominant
QoS factor influencing collaboration, while bandwidth constraints
had a negligible impact. This observation is task- and workload-
dependent, reflecting the lightweight communication profile of
state-based MR interactions. Applications involving remote ren-
dering or continuous media streams are likely to shift this balance.
Finally, these findings motivate adaptive CollabMR systems that rea-
son jointly about network conditions, task structure, and observed
interaction patterns. Rather than treating QoS effects as universally
perceptual, systems should account for how users adapt behav-
iorally, often invisibly, to maintain collaboration under degraded
responsiveness.

7 Limitations and Future Work
7.1 System-Level Limitations
A primary limitation of our study lies in the range and nature of the
imposed network constraints. While latency and bandwidth were
systematically controlled, the selected values were intentionally
conservative to preserve task feasibility and user comfort. As a
result, the imposed constraints did not substantially disrupt ba-
sic system functionality, particularly under the bandwidth-limited
condition, where application-level traffic demands remained well
below the throttling threshold. This limits our ability to draw strong
conclusions about bandwidth-driven degradation in collaborative
MR tasks that involve richer data streams, such as remote rendering
or continuous media transmission.

Future studies should therefore explore tighter and more aggres-
sive network constraints, as well as additional QoS dimensions
beyond mean latency and throughput. In particular, network jit-
ter and bursty delay patterns are likely to play a critical role in
collaborative interaction, as they can induce perceptually salient
object instability evenwhen average latency remainsmoderate. Sim-
ilarly, examining higher-latency regimes would allow for a more
precise characterization of when latency transitions from being
behaviorally compensable to perceptually disruptive, especially in
relation to object snapping and temporal incoherence.

Another system-level limitation concerns the interaction be-
tween network delay and object synchronization mechanisms. Our
protocol employed packet indexing and update rejection to sup-
press oscillatory corrections, which effectively masked some visible
effects of packet reordering. While this design choice ensured vi-
sual stability, it also reduced the perceptual salience of delay under
moderate latency. Refining the networking and synchronization
protocol to explicitly expose or parameterize object jitter will be an
important direction for future work, enabling a more direct study
of how low-level network behavior manifests in user experience.
Finally, the collaborative task itself did not enforce tight interdepen-
dence between participants. In some groups, participants adopted
coordination strategies that localized interaction to a single user at
a time, thereby reducing exposure to network-induced delay. Future
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system designs should incorporate task mechanics that require ex-
plicit handoffs, shared manipulation, or simultaneous object control
to more directly couple network responsiveness with collaborative
performance.

7.2 Study Scope and Design Limitations
Our study was designed as an exploratory investigation; as such, it
has several limitations related to scope and generalizability. While
we studied 30 collaborating pairs, each participant only engaged
with a single partner for all assigned tasks. This limits our ability
to account for individual differences in collaboration style across
partners or individual-specific effects from group dynamics. Future
studies could involve participants collaborating across multiple
group configurations or rotating roles across sessions to better
isolate individual versus group-level effects.

Second, the study focused on short, task-bounded interactions
within a single session. Longer-term or longitudinal collaboration
may reveal adaptation effects, strategy shifts, or fatigue-related
changes in how users cope with degraded responsiveness. Addi-
tionally, our within-subject design does not allow for causal claims
regarding mediation between perceptual experience, cognitive ef-
fort, and performance outcomes; observed relationships should be
interpreted as descriptive and associative rather than causal. Next,
participants were physically co-located, even though collaboration
occurred within a shared MR environment. This physical proximity
may have provided auxiliary cues or coordination affordances that
are absent in fully remote collaboration. As a result, the robustness
of perceptual experience observed in our study may not generalize
to settings where collaborators are physically separated.

7.3 Future Work
Future work should extend this investigation to distributed col-
laboration settings where participants are physically separated,
initially in adjacent rooms without visual contact, and later across
geographically distant locations. Such settings would more closely
reflect real-world collaborative MR deployments and would likely
amplify the role of network latency, jitter, and packet loss on both
coordination and experience. Additional task designs that require
tightly coupled, simultaneous interaction, such as shared object
manipulation, enforced turn-taking, or interdependent subtasks,
would further clarify how network constraints affect collaboration
when behavioral compensation is limited.

Finally, future studies could leverage refined sensing and log-
ging to better connect low-level system behavior with higher-level
experiential outcomes, supporting stronger modeling of how re-
sponsiveness disruptions propagate across perceptual, cognitive,
and behavioral layers. Together, these directions would build on
the exploratory findings presented here and move toward a more
comprehensive understanding of network-aware design for collab-
orative MR systems.

8 Conclusion
In this work, we explored how network QoS constraints influence
user experience in CollabMR over our conceptual model. Our results
show that increased latency reliably degraded task efficiency and
interaction effort, while subjective presence andworkload remained

robust under the tested conditions. Bandwidth limitations had little
effect given the task’s lightweight state updates. Together, these
findings highlight a dissociation between perceived experience and
behavioral cost in collaborative MR and underscore the need for
future studies that enforce interdependence, expand QoS stressors,
and validate causal pathways between QoS and QoE.
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