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Figure 1: In this paper, we explored the impact of visual stimuli on the noticeability of redirection in Virtual Reality. We
developed a computational model that takes users’ gaze behavior as input and predicts the noticeability of redirection under
different visual stimuli. Using this model, we implemented an adaptive redirection technique, demonstrated in a boxing training
scenario: Left: When the opponent approaches and attacks, visual stimuli are intense, making the redirection unnoticable.
Middle: As the opponent retreats, visual stimuli decrease that causes the noticeability becoming higher during the interaction.
Right: When the model detects the change in noticeability, the system dynamically adjusts the redirection magnitude, ensuring
it remains unnoticed.
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environment affect user behavior and, in turn, the noticeability of
redirection. Given the wide variety of different types of visual stim-
uli and their tendency to elicit varying individual reactions, we pro-
pose to use users’ gaze behavior as an indicator of their response to
the stimuli and model the noticeability of redirection. We conducted
two user studies to collect users’ gaze behavior and noticeability,
investigating the relationship between them and identifying the
most effective gaze behavior features for predicting noticeability.
Based on the data, we developed a regression model that takes users’
gaze behavior as input and outputs the noticeability of redirection.
We then conducted an evaluation study to test our model on un-
seen visual stimuli, achieving an accuracy of 0.012 MSE. We further
implemented an adaptive redirection technique and conducted a
preliminary study to evaluate its effectiveness with complex visual
stimuli in two applications. The results indicated that participants
experienced less physical demanding and a stronger sense of body
ownership when using our adaptive technique, demonstrating the
potential of our model to support real-world use cases.
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1 Introduction

Virtual Reality (VR) systems enable users to embody virtual avatars
by mirroring their physical movements and aligning their perspec-
tive with virtual avatars’ in real time. As the head-mounted dis-
plays (HMDs) block direct visual access to the physical world, users
primarily rely on visual feedback from the virtual environment
and integrate it with proprioceptive cues to control the avatar’s
movements and interact within the VR space. Since human percep-
tion is heavily influenced by visual input [19], VR systems have
the unique capability to control users’ perception of the virtual
environment and avatars by manipulating the visual information
presented to them. Leveraging this, various redirection techniques
have been proposed to enable novel VR interactions, such as redi-
recting users’ walking paths [55, 61, 63], modifying reaching move-
ments [3, 9, 13, 21], and conveying haptic information through
visual feedback to create pseudo-haptic effects [10, 36, 59]. Such
redirection techniques enable these interactions by manipulating
the alignment between users’ physical movements and their virtual
avatar’s actions.

However, these redirection techniques are most effective when
the manipulation remains undetected [23, 41]. If the redirection
becomes too large, the user may not mitigate the conflict between
the visual sensory input (redirected virtual movement) and their
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proprioception (actual physical movement), potentially leading
to a loss of embodiment with the virtual avatar and making it
difficult for the user to accurately control virtual movements to
complete interaction tasks [16, 41, 65]. While proprioception is
not absolute, users only have a general sense of their physical
movements and the likelihood that they notice the redirection is
probabilistic. This probability of detecting the redirection is referred
to as noticeability [41, 68, 69] and is typically estimated based
on the frequency with which users detect the manipulation across
multiple trials.

Prior research has explored factors influencing the noticeability
of redirected motion, including the redirection’s magnitude [54,
65], direction [16, 41], and the visual characteristics of the virtual
avatar [15, 50]. While these factors focus on the avatars, the sur-
rounding virtual environment can also influence the users’ behavior
and in turn affect the noticeability of redirection. This, however,
remains underexplored. One such prominent external influence
is through the visual channel - the users’ visual attention is con-
stantly distracted by complex visual effects and events in practical
VR scenarios. We thus want to investigate how visual stimuli in
the virtual environment affect the noticeability of redirection.
With this, we hope to complement existing works that focus on
avatars by incorporating environmental visual influences to enable
more accurate control over the noticeability of redirected motions
in practical VR scenarios.

Since each visual event is a complex choreography of many
underlying factors (type of visual effect, location, duration, etc.),
it is extremely difficult to quantify or parameterize visual stimuli.
Furthermore, individuals respond differently to even the same visual
events. Prior neuroscience studies revealed that factors like age,
gender, and personality can influence how quickly someone reacts
to visual events [18, 20]. Therefore, aiming to model visual stimuli
in a way that is generalizable and applicable to different stimuli and
users, we propose to use users’ gaze behavior as an indicator of
how they respond to visual stimuli. In this paper, we used various
gaze behaviors, including gaze location, saccades [33], fixations [53],
and the Index of Pupil Activity (IPA) [11]. These behaviors indicate
both where users are looking and their cognitive activity, as looking
at something does not necessarily mean they are attending to it.
Our goal is to investigate how these gaze behaviors stimulated
by various visual stimuli relate to the noticeability of redirection.
With this, we contribute a model that allows designers and content
creators to adjust the redirection in real-time responding to dynamic
visual events in VR.

To achieve this, we conducted user studies to collect users’ no-
ticeability of redirection under various visual stimuli. To simulate
realistic VR scenarios, we adopted a dual-task design in which the
participants performed redirected movements while monitoring
the visual stimuli. Specifically, participants’ primary task was to
report if they noticed an offset between the avatar’s movement and
their own, while their secondary task was to monitor and report
the visual stimuli. As realistic virtual environments often contain
complex visual effects, we started with simple and controlled visual
stimulus to manage the influencing factors.

We first conducted a confirmation study (N=16) to test whether
applying visual stimuli (opacity-based) actually affects their notice-
ability of redirection. The results showed that participants were
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significantly less likely to detect the redirection when visual stimuli
was presented (F(115) = 5.90, p = 0.03). Furthermore, by analyzing
the collected gaze data, results revealed a correlation between the
proposed gaze behaviors and the noticeability results (r = —0.43),
confirming that the gaze behaviors could be leveraged to compute
the noticeability.

We then conducted a data collection study to obtain more accu-
rate noticeability results through repeated measurements to better
model the relationship between visual stimuli-triggered gaze be-
haviors and noticeability of redirection. With the collected data,
we analyzed various numerical features from the gaze behaviors to
identify the most effective ones. We tested combinations of these
features to determine the most effective one for predicting notice-
ability under visual stimuli. Using the selected features, our regres-
sion model achieved a mean squared error (MSE) of 0.011 through
leave-one-user-out cross-validation. Furthermore, we developed
both a binary and a three-class classification model to categorize
noticeability, which achieved an accuracy of 91.74% and 85.62%,
respectively.

To evaluate the generalizability of the regression model, we
conducted an evaluation study (N=24) to test whether the model
could accurately predict noticeability with new visual stimuli (color-
and scale-based animations). Specifically, we evaluated whether
the model’s predictions aligned with participants’ responses under
these unseen stimuli. The results showed that our model accurately
estimated the noticeability, achieving mean squared errors (MSE) of
0.014 and 0.012 for the color- and scale-based visual stimili, respec-
tively, compared to participants’ responses. Since the tested visual
stimuli data were not included in the training, the results suggested
that the extracted gaze behavior features capture a generalizable
pattern and can effectively indicate the corresponding impact on
the noticeability of redirection.

Based on our model, we implemented an adaptive redirection
technique and demonstrated it through two applications: adaptive
VR action game and opportunistic rendering. We conducted a proof-
of-concept user study (N=8) to compare our adaptive redirection
technique with a static redirection, evaluating the usability and
benefits of our adaptive redirection technique. The results indicated
that participants experienced less physical demand and stronger
sense of embodiment and agency when using the adaptive redirec-
tion technique. These results demonstrated the effectiveness and
usability of our model.

In summary, we make the following contributions.

e We propose to use users’ gaze behavior as a medium to
quantify how visual stimuli influences the noticebility of
redirection. Through two user studies, we confirm that visual
stimuli significantly influences noticeability and identify key
gaze behavior features that are closely related to this impact.

e We build a regression model that takes the user’s gaze be-
havioral data as input, then computes the noticeability of
redirection. Through an evaluation study, we verify that our
model can estimate the noticeability with new participants
under unseen visual stimuli. These findings suggest that the
extracted gaze behavior features effectively capture the in-
fluence of visual stimuli on noticeability and can generalize
across different users and visual stimuli.
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e We develop an adaptive redirection technique based on our
regression model and implement two applications with it.
With a proof-of-concept study, we demonstrate the effec-
tiveness and potential usability of our regression model on
real-world use cases.

2 Related work
2.1 Redirection in VR

As users tend to prioritize visual information over other sensory
channels when they are facing various information from the sensory
system, (i.e., visual dominance [19, 57]), VR provides the opportu-
nity to manipulate the visual information that users perceive to
enable novel interactions. While the manipulation is applied to
users’ movement and remains undetected, users will fall into the
illusion that makes them believe their physical body movement is
consistent with the manipulated virtual movement, which is called
redirection. Redirection can be implemented by adding an offset to
the user’s movement in VR to adjust the trajectory slightly [22, 31].

Redirection has been widely used in VR applications to improve
interaction performance and enable new interactions, including
visuo-haptic illusion, augmenting input techniques and redirected
walking. As one of the most frequently-used forms of body input,
hand movement has been widely explored as the subject of redi-
rection illusions. Hand redirection has been employed to alter the
perceived shape [30, 72] and location [4, 9] of passive haptic props;
this creates visuo-haptic illusions [66], which have been found to
increase users’ reutilization of physical counterparts to different
virtual objects. To improve the interaction efficiency, researchers
applied redirection techniques by adding offsets to users’ hand
movement [17, 48]. As one of the earliest works that modified the
user’s body movement to enhance input performance, the Go-Go
technique [54] extended the virtual hand’s depth with a non-linear
function to enable users to interact with objects beyond the reach.
Ownershift [16] proposed a technique that allowed the user’s phys-
ical hand to shift to comfortable poses while keeping the virtual
hand in mid-air, to keep the user unaware of the movement and
avoid physical fatigue. Wentzel et al. proposed a hand position
amplification technique with an adaptive function, enabling users
to interact with objects beyond reach while keeping the offset un-
noticed [65]. Prior work explored manipulating the movement of
other body parts, e.g., redirected walking techniques to guide users
to specific physical locations while walking in the virtual environ-
ment. By applying slightly angular offsets to users’ footsteps, this
technique allows users to walk in a boundless virtual environment
within the confines of a restricted physical space [35, 56].

These redirection-based interaction techniques enable novel
functionalities in VR (e.g., redirected walking) or improve users’
interaction performance (e.g., Go-Go technique). These studies high-
light the application and benefit of redirection in VR interactions,
which motivates us to further explore redirection techniques in VR.

2.2 Noticeability of redirection in VR

Though redirection-based methods enable various novel interac-
tions in VR, previous studies suggested that it is also important to
main embodiment during redirection [65, 68, 70]. The challenges
around maintaining embodiment with redirection techniques are in
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how to minimize users’ noticeability of offsets between their own
bodies and virtual avatars. To investigate the detection threshold
of redirection, Burns et al. implemented redirection motion tech-
niques in a game scenario and derived a detection threshold of 19.1
degrees (19cm) between the real and virtual hand [7]. Similarly,
Lee et al. investigated the threshold for finger tracking errors and
derived a much lower Just-Noticeable Difference (JND) of 5.2 cm,
using a dot to indicate the fingertip position [38] rather than a full
representation of virtual hands. To extend the detection threshold
to a noticing probability, Li et al. studied noticeability of redirection
with different strength and direction on the user’s arm movement
and provided a model to compute the noticeability for given offset
strength and direction [41].

In addition, adding coherent haptic feedback to the user’s motion
can also impact the noticeability of applied motion offset. Abtahi
and Follmer investigated the fingertip offset detection threshold
along with a physical proxy providing haptic feedback [1]. The
derived thresholds achieved 49.5 degrees on the horizontal axis,
which was larger than the previously reported value. Similary,
Feick et al. investigated how to leverage simple physical proxies to
provide visuo-haptic illusions and investigated the noticeability of
discrepancy between the physical and virtual object. Their results
indicated that users could bear a bigger offset when they gained
more sensory information from other modalities.

Another effective approach to making redirection less notice-
able is to manipulate the virtual environment by leveraging users’
moments of inattention or blindness. One method involves per-
forming these manipulations outside the user’s field of view. For
example, Suma et al. altered the geometry of a virtual room behind
the user to subtly redirect walking paths [62]. Similarly, Lohse et al.
and Patras et al. remapped virtual objects to physical props for
haptic retargeting when they were outside the user’s view [43, 51].
Another approach is to introduce manipulations within the user’s
field of view but outside their focus of attention. Marwecki et al.
developed a system that uses eye tracking and attention models
to apply changes only when objects fall outside the user’s visual
attention [44]. However, these manipulations primarily focused on
altering the virtual environment, rather than redirecting the move-
ment of virtual avatars. In the context of virtual motion redirection,
Zenner et al. proposed applying virtual hand position offsets during
user blinks. Their findings revealed that detection thresholds were
significantly higher when the saccade direction opposed the hand
offset direction [68, 71]. While Zenner et al. proposed redirecting
users’ motions during blinks, we explored the extent to which this
redirection can be applied and examined its noticeability.

These studies reveal that the noticeability of redirection in VR
can be influenced by various factors. While much of the research
has focused on virtual avatars, the impact of the surrounding vir-
tual environment on noticeability remains largely unexplored. To
address this gap, we propose to investigate and model how visual
stimuli affect the noticeability of redirection in this paper.

2.3 Gaze behaviors for HCI

Gaze behaviors have become crucial for understanding users’ men-
tal states and interaction intentions, especially with the integration
of eye tracking in HMDs and smart glasses. Beyond indicating
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where users are looking, gaze behaviors have also been used to clas-
sify attentional directions and indicate users’ cognitive states [64].
For instance, Benedek et al. demonstrated that pupil dilation is
linked to cognitive focus [5], while Duchowski et al. introduced the
Index of Pupil Activity (IPA) as a metric for cognitive load, which
has been applied in HCI applications such as adaptive MR user
interfaces [42]. Furthermore, Annerer-Walcher et al. emphasized
the role of pupil dilation in differentiating between internal and
external attention [2]. In addition to pupil features, saccadic eye
movements (saccade) and fixation duration are key indicators of
cognitive load. Zagermann et al. and Holmgqvist et al. found that
longer fixations and shorter saccades were linked to higher cogni-
tive demands [27, 67]. These findings suggest a strong correlation
between gaze behaviors and cognitive activity.

Previous studies suggest that users’ cognitive activities influ-
ence gaze behaviors over several seconds, rather than just a few
frames. For example, Faber et al. recently demonstrated that content-
independent gaze features with a 12-second window were effective
for estimating cognitive load during reading tasks [12]. Similarly,
a time window-based method was proved to be effective in tasks
such as film watching [47], interactive tutoring [29], and lecture
viewing [28]. These studies also indicate that shorter windows (less
than 10 seconds) may not capture enough fixation and saccade
information to accurately detect covert inattention [6, 29] which
lead to lower accuracy [28, 29]. Therefore, a longer windows (20-30
seconds) were more suitable for using gaze behaviors for estimating
users’ cognitive activities.

Based on the findings of previous studies, we propose to investi-
gate how to use the gaze behaviors (gaze saccade, fixation, pupil
activity) to compute the noticeability of redirection under various
visual stimuli.

3 Methodology

To explore how to use gaze behaviors to compute the noticeability
of redirection under visual stimuli, we employed a dual-task design
in the following confirmation and data collection studies, which
allows us to collet noticeability responses from participants while
simultaneously presenting visual stimuli. In this section, we detail
the methodology step by step.

3.1 Selecting left arm for investigation

Previous studies have applied redirection techniques to users’ walk-
ing paths [31], hand positions [65], and arm motions [54]. Consid-
ering that the arms are among the most frequently used body parts,
we focused our investigation on the redirection of arm movements.
To control for the influence of hand dominance, all user studies
were conducted on left arms of right-handed participants. We ac-
knowledge that hand dominance and different body parts may lead
to noticeability difference of the applied redirection, we believe that
this approach and the main findings will be both applicable to the
right arm and extendable to other body parts in future studies.

3.2 Redirection mechanism

In this paper, we adopted the same redirection mechanism as previ-
ous studies [41], which applied angular redirection to users’ elbow
joints during movement. The redirection was applied dynamically,



Modeling the Impact of Visual Stimuli on Redirection Noticeability with Gaze Behavior in Virtual Reality

starting with no redirection at the initial pose (pointing to the
ground) and gradually increasing to the maximum redirection at
the target ending pose. The redirection of the intermediate mo-
tion was calculated based on the relative angular distance from
the starting pose and was adjusted linearly throughout the move-
ment. The strength of the redirection was adjusted by modifying
the maximum redirection applied at the ending pose.

3.3 Dual-task design

In realistic virtual environments, users often engage with com-
plex visual effects (e.g., game props) while controlling their virtual
avatars. To simulate this, we designed a dual-task study where par-
ticipants were required to perform redirection motions (primary
task) while monitoring and responding to visual stimuli at the same
time (secondary task).

3.3.1 Primary task. As the primary task, participants were asked
to perform arm motions with redirected virtual arms in VR. Each
motion was defined by a starting arm pose and a target ending pose.
The starting pose was fixed in a natural resting position, with the
arm positioned beside the body. The target ending pose was sam-
pled from a motion capture dataset that included daily life poses,
such as walking, sports, sitting, and others, as described in subsec-
tion 3.4. To ensure that all participants performed the movements
consistently, we added an intermediate checkpoint pose between
the starting and ending poses. During the study, both the target
ending pose and the intermediate checkpoint pose were rendered
as semi-transparent, allowing participants to observe them without
causing visual occlusion. In contrast, the participants’ redirected
virtual arm was rendered normally, as illustrated in Figure 2.

At the beginning of each trial, participants were instructed to
perform the starting pose, in which they lowered their physical
arm and pointed to the floor. Since there was no redirection at this
position, the virtual arm also pointed downward. For each trial, a
semi-transparent intermediate pose and target pose were displayed.
Participants were then instructed to lift their physical arms, guiding
their virtual arms past the intermediate pose to reach the target
pose. Throughout this process, participants were asked to keep the
virtual arm within their field of view at all times. After reaching the
target pose, participants were asked to move their virtual arm back
to the starting pose and report to experimenters verbally whether
they perceived any difference between their physical and virtual
movement, according to the yes/no paradigm [39]. We estimated
the noticeability of redirection in each condition with the ratio of
positive responses (indicating noticed redirection in the trials) to
the number of trials, referring to previous studies [41].

3.3.2 Secondary task. In parallel with the primary task, partici-
pants were asked to monitor visual stimuli that appeared within
their field of view. The stimuli consisted of a simple animation on a
virtual sphere, presented alongside the virtual avatar. For example,
in the opacity-based stimuli condition, the animation began with
a fully transparent sphere, gradually increased to full opacity, and
then returned to transparency. The location and duration of the
animation were adjusted to control the intensity of the visual stim-
uli between trials, following previous studies suggesting that these
properties influence the intensity [40]. The virtual sphere moved in
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sync with the participant’s head movements, maintaining the same
relative position within their field of view. To prevent participants
from predicting the timing of the stimuli, the animation began at
a random moment after the trial started and repeated at random
intervals (ranging from 1 to 3 seconds). Participants were instructed
to press a button on a controller held by their right hand as soon
as they noticed the animation was starting.

3.4 Sampling target poses

For the ending poses, we selected 25 distinct poses from the CMU
MoCap dataset [34]. To ensure the diversity of poses, these poses
were selected based on clustered subsets using the HDBSCAN algo-
rithm [46], based on the skeletal distance function proposed in [60],
calculated as:

Distance(aq, a3) = max Z (ozéLl - a:i,z) (1)
T T dexyyz
where L represents the number of joints in the pose, and x, y, z
denote the spatial coordinates of each joint. This function deter-
mines the maximum skeletal distance between two poses a1 and a3
across all joints. The sampled poses are displayed in Appendix A.

4 Confirmation Study

Although it seems evident that adding additional visual stimuli
may distract users and influence the noticeability of redirection,
we conducted a confirmation study to validate this hypothesis and
assess the effectiveness of our dual-task design.

4.1 Design

We employed a factorial study design to manage both independent
and control variables.

4.1.1 Independent variables. In this study, we aimed to investigate
whether applying visual stimuli affects noticeability. Therefore, our
initial independent variable was the presence or absence of visual
stimuli. To further explore the impact of various visual stimuli, we
extended the independent variable to the intensity of visual stimuli,
ranging from none to high. We manipulated intensity by adjusting
the duration and placement of virtual animations, following previ-
ous studies [26, 40]. Through a pilot study, we identified three levels
of duration: Short (0.2 sec), Medium (1 sec), and Long (2 sec). For
placement, we defined three layout configurations: Sparse (stimuli
appear only in the corner areas), Median (stimuli appear in both the
corner and peripheral areas), and Dense (stimuli appear throughout
the entire field of view), as shown in Figure 2. In each layout, we
randomly picked one candidate to animate the visual stimuli. Ad-
ditionally, we included a baseline condition with no visual stimuli.
The order of these conditions was randomized.

4.1.2  Control variables. We varied the magnitude and direction
of the redirection as control variables. Based on the results from
related research [41], we set the redirection magnitude from 0
to 30 degrees with an interval of 5 degrees, which covers the
from being unnoticeable (no redirection) to easily noticeable. We
also varied the direction of redirection, sampling both horizon-
tal and vertical directions. As a result, each participant completed
(3 durations X 3 layouts + 1 baseline) X(7 redirection magnitudes
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Figure 2: The apparatus of the formative study. Wearing a
headset, the participant wears three motion trackers to track
their arm pose and sit on a comfortable chair. While the
virtual avatar mirrors the arm movement of the participant,
the participant observes the virtual avatar’s movement from
a first-person point of view and follows the semi-transparent
checkpoint pose to reach the semi-transparent target pose.
As the secondary task, a virtual animation will start with
different durations and locations. The right figure illustrates
the possible locations of the red ball, named Sparse, Median,
and Dense, accordingly.

X2 redirection direction - 1) = 130 trials in total. The order of all
redirection magnitudes and directions was randomized.

4.1.3 Dependent variables. The noticeability of redirection was
recorded as the primary dependent variable in this study and was
estimated with the proportion of positive responses across all trials
for each condition where redirection was applied. Additionally,
we captured participants’ gaze behavior data with the HMD’s eye
tracker.

4.2 Participants & Apparatus

The participants (N = 16) were recruited through an online ques-
tionnaire from a local university. The participants (7 females, 9
males) had an average age of 21.25 years (SD = 1.71). All were
trichromats and right-handed. Prior to the experiment, participants
self-evaluated on their familiarity with VR, reporting an average
score of 3.75 (SD = 0.75)on a 7-point Likert scale (1 - not at all
familiar, 4 - neutral, 7 - very familiar).

We implemented the experimental application in VR with a HTC
Vive pro headset in Unity 2019, powered by an Intel Core i7 CPU and
an NVIDIA GeForce RTX 3080 GPU. Throughout the experimental
sessions, participants were seated and equipped with three Vive
Trackers affixed to their left shoulder, elbow, and waist using nylon
straps. Based on data given by the tracker, we reconstructed the left
arm movement on a virtual humanoid avatar from the Microsoft
RocketBox avatar library [24] with the user’s viewpoint coinciding
with the avatar’s (as shown in Figure 2). All gaze data was recorded
with the HTC Viveo pro built-in gaze tracker. All statistical analyses
were conducted with SPSS 26.0.

Li, et al.
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Figure 3: Noticeability results of the formative study in every
condition. The error bars represent the standard errors.

4.3 Procedure

To avoid bias from the participants knowing that we were inten-
tionally introducing redirection, we introduced the purpose of the
study as an evaluation of a motion capture and reconstruction
technique and clarified the real purpose to participants after the
study. Participants were first provided with a walk-through of the
platform. Then, participants were provided with a warm-up ses-
sion to ensure that they were familiar with the primary and sec-
ondary tasks. After that, each participant completed 10 sessions
(3 durations x 3 layouts + 1 baseline) of experiments. They took
2-minute breaks after every two sessions to reduce fatigue. We
recorded the participant’s behavioral data, including the position
and orientation of hand, elbow, shoulder, gaze, and pupil dilation,
at a rate of 60 Hz. The study lasted around 40 minutes and each
participant was compensated with 15 US dollars.

4.4 Results

We first conducted Shapiro-Wilk tests on the noticeability results
which showed that all 10 conditions followed a normal distribution,
requiring no correction. We then conducted Repeated-Measures
ANOVA with Bonferroni-corrected post hoc T-tests on the results.
The average response time to visual stimuli was 327 ms (SD = 168
ms), indicating that participants were actively engaged in both
tasks.

With visual stimuli, participants noticed the redirection signifi-
cantly less than without visual stimuli. We conducted a one-factor
ANOVA between the baseline and the averaged nine other condi-
tions. Our statistical analysis showed that participants detected the
redirection significantly (F(115) = 5.90, p = 0.03) less frequently
when they were exposed to the visual stimuli (M = 0.43, SD = 0.13)
compared to none visual stimuli (M = 0.51, SD = 0.08). These re-
sults confirm that the noticeability of redirection was reduced when
visual stimuli were presented and further validate the design of our
study.
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Figure 4: Psychometric functions of the noticeability in each condition.

We then evaluated whether participants’ physical movements
were effectively redirected under both noticed and unnoticed con-
ditions. We divided all trials into two categories based on the par-
ticipants’ response to the redirection (noticed or unnoticed). We
then analyzed the lengths of participants’ virtual and physical hand
trajectories within these two categories. The physical trajectory
length refers to the ratio of the participant’s physical hand move-
ment trajectory length to the distance between the starting and
ending pose. Similarly, the virtual trajectory length refers to the
participants’ virtual hand movement trajectory length to the dis-
tance between the starting and ending pose. In the unnoticed condi-
tion, participants’ physical movement trajectories were significantly
shorter than their virtual ones: Physical (AVG = 1.16, SD = 0.04)
and Virtual (AVG = 1.24, SD = 0.05, t(15) = 3.64, p < 0.05). Sim-
ilarly, in the noticed condition, participants’ physical movement
trajectories were still significantly shorter than their virtual ones:
Physical (AVG = 1.17, SD = 0.04) and Virtual (AVG = 1.33, SD =
0.04, t(15) = 4.88, p < 0.01). These results suggest that partici-
pants’ physical movements were successfully redirected,regardless
of whether they noticed the redirection.

We further analyzed the gaze behaviors (gaze location, saccades,
fixation, and pupil activity) based on the recorded gaze data. Specif-
ically, we computed the average gaze distance relative to the virtual
hand, saccade and fixation frequencies, and Index of Pupil Activity
(IPA) in each condition. We then calculated the correlation coeffi-
cients between these gaze behaviors and the noticeability results.
As shown in Figure 5, the results revealed significant correlations:
gaze distance (r = —0.26, p = 0.001), saccade (r = —0.43, p < 0.001),
fixation (r = —0.27,p < 0.001), and IPA (r = —0.26,p = 0.001).
These results suggest that all the examined gaze behaviors exhibit
a negative relationship with noticeability, with gaze saccades show-
ing a stronger effect compared to the others. This may be because
rapid saccadic movements often indicate high cognitive load or
attentional shifts, making them more directly and negatively associ-
ated with the noticing of redirection. In contrast, fixation frequency
does not inherently reflect cognitive load, although fixation dura-
tion might serve as a useful indicator. Regarding gaze distance to
the virtual hand, participants likely shifted their gaze between the
virtual body and the stimuli, making it less consistently related to

noticeability. For IPA, its design as a long-term estimator of cogni-
tive load may render it less sensitive to subtle or transient changes
in cognitive load caused by visual stimuli. Overall, while each of
these gaze behaviors responds to visual stimuli in distinct ways,
they all show promise as predictors of noticeability.

5 Data Collection

After confirming that visual stimuli influence the noticeability of
redirection, we conducted another user study using the same dual-
task design to gather more data for developing a prediction model.
This model aims to estimate noticeability based on users’ gaze
behavior.

5.1 Design

To collect the noticeability results more accurately, we measured
the noticeability of each redirection magnitude repeatedly for each
participant, and tested on less redirection magnitude levels. In
future work, we consider it important to extend the experiments
to include a wider range of redirection magnitude.s As per prior
work that investigated the impact of redireciton magnitude on
noticeability, we chose 20 degrees as the tested magnitude, as the
reported noticeability rate was around 75% without visual stimuli
in [41]. The relatively high rate allowed us to detect the impact
of visual stimuli effectively. We randomly selected horizontal or
vertical as the redirection direction.

We adopted the same dual-task design with a yes/no paradigm
detailed in section 3. As our formative study results showed, the
visual stimuli with medium duration ((M = 0.46, SD = 0.07)) did
not yield statistically significant differences in terms of noticeabil-
ity compared to the stimuli with long duration ((M = 0.50, SD =
0.07), (t(15) = —0.39, p > 0.05) ). Therefore, we excluded the
medium condition and only selected the short (0.2s) and long du-
ration (2s) to control the intensity in this study. To further control
the position of visual stimuli within participants’ visual field, we
displayed the stimuli at central vision (5 degrees from the central
point of vision), near peripheral vision (30 degrees), and mid pe-
ripheral vision (60 degrees), illustrated in Figure 6 and as in prior
research [25, 26]. Therefore, we had 2 X 3 = 6 conditions, named
as CS (central layout with short duration), CL (central layout with
long duration), NS (near peripheral layout with short duration),
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Figure 5: The regression results between gaze distance, saccade frequency, fixation frequency, IPA, and noticeability are
presented. The correlation coefficients are indicated in the top right corner.

NL (near peripheral layout with long duration), MS (mid periph-
eral layout with short duration), and ML (mid peripheral layout
with long duration), and we used a Latin square to counterbalance
them. Each participant completed (2 durations X 3 layouts) X 24
measurements = 144 trials in total.
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Figure 6: The possible locations of the visual stimuli in the
data collection study. The locations are divided into three
conditions: Central (5 degrees), Near Peripheral (30 degrees),
and Mid Peripheral (60 degrees), based on the angular dis-
tance to the user’s head direction.

5.2 Apparatus & Procedure

The apparatus and procedure were almost identical to those of our
formative study (section 4). We recorded the position and orienta-
tion of hand, elbow, shoulder, gaze, and pupil dilation with a sample
rate of 60 Hz. All gaze data was recorded with the HTC Viveo pro
built-in gaze tracker. After the warm-up session, participants took 2-
minute breaks after every two sessions to reduce fatigue. The study
lasted around 40 minutes and each participant was compensated
with $15 USD.

5.3 Participants

We recruited 12 participants (5 females, 7 males) from a local univer-
sity. The participants had an average age of 22.91 years (SD = 1.90).
All were trichromats and right-handed. Participants’ self-reported
their familiarity with VR at an average of 3.17 (SD = 1.27) on a
7-point Likert scale from 1 (not at all familiar) to 7 (very familiar).

5.4 Summary of data statistics
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Figure 7: Noticeability results of the data collection study in
each condition. The error bars represent the standard errors.

In total, we collected 1728 responses. To estimate the noticeabil-
ity, we calculated the ratio of trials in which participants reported
noticing the redirection to the total number of trials for each ses-
sion and participant. As shown in Figure 7, the noticeability result
differed across the visual stimuli’s duration and layout. The notice-
ability results ranged from 16.7% to 79.2% with an average of 50.1%
and a standard deviation of 18.9%. The maximum and minimum in-
dicate that we controlled the noticeability with the visual stimuli’s
duration and layout successfully. Additionally, the high standard
deviation suggest a high variability across conditions, which is ben-
eficial for training a model to predict the influence of visual stimuli
on noticeability.

To verify that participants’ physical movements were effectively
redirected, we analyzed participants virtual and physical trajectory
lengths as defined in subsection 4.4. In the unnoticed condition, par-
ticipants’ physical movement trajectories were significantly shorter
than their virtual ones: Physical (AVG = 1.14, SD = 0.04) and
Virtual (AVG = 1.20, SD = 0.04, t(11) = 3.97, p < 0.05). In
the noticed condition, participants’ physical movement trajecto-
ries were also significantly shorter than their virtual ones: Phys-
ical (AVG = 1.14, SD = 0.04) and Virtual (AVG = 1.27, SD =



Modeling the Impact of Visual Stimuli on Redirection Noticeability with Gaze Behavior in Virtual Reality

0.05, t(11) = 5.38, p < 0.01). These results indicated that partici-
pants’ physical movements were successfully redirected.

6 Implementation

In this section, we investigated the best combination of gaze behav-
ior features to predict the noticeability of redirection. We described
participants’ gaze behaviors with pupil activity, gaze angular dis-
tance to users’ hands, eye saccade, and fixation. For each category
of participants’ gaze behavioral data, we systematically examine dif-
ferent feature combinations to identify those that most accurately
characterize the participants’ visual responses. We then develop a
regression model to explain the relationship between the selected
gaze behavioral features and the noticeability of redirection.

6.1 Gaze behavioral patterns

Results in section 4 showed that the users’ gaze behavioral data
was correlated to the noticeability. We divided the gaze behavioral
data into four categories:

o Index of Pupillary Activity: Index of Pupillary Activity (IPA)
has been used to reflect users’ cognitive load by analyzing the
change of users’ pupil dilation [11, 42]. While visual stimuli
were presented, users’ cognitive load might be inadvertently
affected and could therefore impact the noticeability results.

o Gaze angular distance to elbow and hand: We calculated the
vector starting from the user’s eye to the elbow and hand
joint. We then calculated the angular distance between this
vector and the gaze vector. These metrics reflect whether
the participant was looking at the primary task or attracted
by the visual stimuli. We decided not to calculate the dis-
tance between the focus point and the visual stimuli, as in
real-world use cases, there is no single visual stimuli but
only complicated ones, which make it hard to compute this
distance.

o Eye saccade frequency, duration and interval: Eye saccade is a
rapid eye movement that shifts the eye from one area to an-
other. We leveraged the detection algorithm from Krakowczyk
et al. to detect the saccade frequency and duration [32]. The
saccade frequency and duration indicate how often and how
quickly users shift their eye gaze separately. The saccade
interval suggests the temporal distribution, which indicates
whether the saccades are uniformly distributed across the
session.

o Eye fixation frequency, duration and interval: Eye fixations
represent when eyes stop scanning the scene and hold the
foveal vision on an object of interest. We also used the fre-
quency, duration, and interval of eye fixation to indicate how
often and how long users stared at a place and the temporal
distribution of fixation.

6.2 Regression model

To better represent the previous gaze behavioral patterns, we com-
puted mean, standard deviation, median, maximum and minimum
of IPA and gaze angular distance and combined them with the eye
saccade and fixation features. Therefore, we had 3 behaviors(IPA,
gaze angular distance to hand, gaze angular distance to elbow) X 5
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features (mean, standard deviation, median, maximum and mini-
mum) + 3 saccade (saccade frequency, duration and interval) + 3
fixation (fixation frequency, duration and interval) = 21 features in
total. However, the search space to determine the combination of
features that provides the highest predictive power for noticeability
?il % = 221 — 1 conditions, which
means that a grid search is not practical. Therefore, we adopted
a similar method as [45] to select the features. We first selected
the best combination of features within each category and then
searched the combination of these categories iteratively to figure
out the best combination.

In this process, we used Support Vector Regression (SVR) from
scikit-learn package ! as the benchmark model since SVR has a sta-
ble performance on various data. The SVR model took the selected
features as input, then output a probability ranging from 0 to 1 as
the predicted noticeability. We leveraged the leave-one-user-out
cross-validation in the test and the mean squared error (MSE) as
the metric.

Table 1 lists the best combination of features within each of
four categories. Among them, the selected combination in the gaze
angular distance achieved the best performance, while the other
features also demonstrated the potential for predicting noticeability.
Therefore, we combined the features from different categories and
further tested them.

We then tested the regression error of all combinations of the
feature category with leave-one-user-out cross-validation. For each
feature combination, we filtered the data with it and then fitted a
model with 11 participants’ data and tested it on the one remaining
participant’s data. After repeating this 12 times, we determined
the overall regression error for one feature combination. Figure 8
illustrates the regression error of all 15 feature combinations. The
results demonstrate that combining all these four category features
achieves the best performance with an MSE of 0.011.

To further understand the best feature combination across the
users, we also explored the best feature set for each test user in the
leave-one-user-out cross-validation process. For each test user, we
trained a model with each feature combination and selected the best
one. The results showed that for 7 out of the 12 participants, the
best feature set was the combination of all four feature categories.
For 3 of the 12 participants, the best set was the combination of
IPA, Gaze Angular Distance and Fixation and for the other 2 of the
12 participants, the best set contained IPA, Gaze Angular Distance
and Saccade. The results suggest that each feature captures distinct
aspects of gaze behavior that contribute to predicting noticeability.
Although the gaze angular distance showed a lower correlation
with noticeability compared to saccades in section 4, it performs
as the most powerful feature for predicting noticeability. This may
due to the fact that in section 4, we only considered the mean
distance, whereas in this study, we included additional numerical
features, which could provide more informative insights than the
mean alone. As for eye gaze saccade, it also contributes significantly
to the prediction, aligning with the correlation results in section 4,
as it indicates users’ visual focus shift and cognitive activity. While
TPA and fixation also have the potential to predict noticeability,
their prediction accuracy is lower compared to the other features.

includes as many as ),

Uhttps://scikit-learn.org/stable/modules/generated/sklearn.svm.SVR html
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Category Best combination MSE
IPA mean, maximum, minimum 0.039 (0.013)
. mean(hand), std(hand), median(hand)
G lar dist 0.017(0.008
az¢ angular distance mean(elbow), std(elbow), maximum(elbow) 7t )
Eye saccade frequency, duration, interval 0.027(0.009)

Eye fixation

frequency, duration

0.040 (0.012)

Table 1: The best feature combination of each category and the prediction performance. The prediction performance is presented

as the average (standard deviation) of MSE.

IPA + Gaze Distance + Saccade + Fixation ———0.011

IPA + Gaze Distance + Fixation - ——0.012
IPA + Gaze Distance + Saccade - ———0.012
Gaze Distance + Saccade + Fixation - ————0.013
Gaze Distance + Fixation - ———0.014
Gaze Distance + Saccade - ———0.014
IPA + Gaze Distance ——0.016
Gaze Distance - ——0.018
IPA + Saccade + Fixation - ——0.024
IPA + Saccade - ——0.027
Saccade + Fixation ————0.028
Saccade - —0.028
IPA + Fixation ——0.039
IPA —0.041

Fixation - ———0.044

0.00 0.01 0.02 0.03 0.04 0.05 0.06
MSE

Figure 8: The regression error of all combinations of the fea-
ture category. The error bars denote the standard deviations.

This could be because they reflect more general cognitive activity
and engagement, rather than specific responses to visual stimuli.
However, combining these features allows us to capture both where
users are looking at and the dynamic shifts in focus, which together
indicate the noticeability of redirection.

To further investigate if the selected features could model notice-
ability, we analyzed the regression error for each individual data
point in a per user manner. As shown in Figure 9a, the outputs from
our model preserved the relative order of noticeability across the six
conditions in 90.3% data points. The fitted noticeability in various
conditions mostly remained in the range of the ground truth, while
most errors came from the two most similar conditions (CS and
NL). Furthermore, Figure 9b illustrates the noticeability average
and standard deviation of the data collection results and our model’s
output. Our model’s output average approximates the participant’s
results while simultaneously exhibiting a lower standard deviation.
This could be due to the inherent noise introduced from estimating
the noticeability using the frequency of participants who reported
the noticing of redirection in the study.

6.3 Classficiation model

In our studies, noticeability was measured by the frequency with
which participants detected redirection during the trials. Based on
this, we developed a regression model that outputs the probabil-
ity of noticing the redirection as a float value between 0 and 1.
While this probability effectively indicates how likely users are to

notice the redirection, a classification model providing a simple
yes/no result could offer greater practical utility. To explore this,
we trained a classification model by applying various thresholds to
the noticeability results and categorizing it into distinct classes.

Binary model We applied a threshold of 0.5 to transform the
collected noticeability results into binary labels: Unnotice-
able (< 0.5) and Noticeable (> 0.5). With these, we trained
a Support Vector Machine (SVM) classification model with
the same features selected in subsection 6.1; this model
achieved an accuracy of 0.9174 (SD = 0.1126) and an F1-
score of 0.8968 (SD = 0.1342) with leave-one-user-out cross-
validation on our collected dataset.

Three-class model Then we divided the noticeability into
three categories with two thresholds: Low Noticeability (<
0.4), Medium Noticeability (0.4 < noticeability < 0.7), and
High Noticeability (> 0.7). With the same SVM classification
model and selected feature, our re-trained model achieved
an accuracy of 0.8562 (SD = 0.1240) and an F1-score of
0.8478 (SD = 0.1276). To be noted, the prediction accuracy
was affected by how we converted the noticeability value to
separate labels and might increase with fine-tuned features
tailored to the classification task. This indicates that the se-
lected features from the gaze behavioral pattern have the
potential to predict the noticeability as separate categories.

7 Evaluation: Extend to More Visual Stimuli

To evaluate the performance and extendability of our regression
model, we tested our model with the same dual-task experiments
and yes/no procedure, but with new visual stimuli and new par-
ticipants. We tested scale- and color-based visual stimuli, which
were not included in the training set of the proposed model. As the
model only takes the user’s gaze behavioral data as input without
any prior knowledge about the visual stimuli, we aimed to also
investigate whether the gaze behavioral patterns of users remain
consistent with different types of stimuli.

7.1 Design

We designed two new visual stimuli that the participants were
required to monitor and report in the secondary task in this study, as
shown in Figure 10. In a scale-based animation, a red ball increased
from an invisible small scale to the normal scale of the same as
in the opacity stimuli and reset to the invisible small scale. As for
the color-based animation, the red ball would change from red
to yellow and reset to red by altering the hue in the HSV color
space. We note that in the opacity- and scale-based animations, the
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Figure 9: (a) illustrates the regression results in each condition for each user. (b) illustrates the regression results with leave-

one-user-out cross-validation.

red ball started at an invisible state and we could adjust the ball’s
location while it was invisible to users. However, in the case of the
color-based animation, the red ball remained consistently visible.
Thus, we adjusted the ball’s location when the color animation
finished and waited a random time interval before the start of the
color visual effect. We asked participants to report as soon as the
color changed to yellow instead of the location change.

For both visual stimuli, we used the duration and layout of the
visual stimuli to control their influence on the noticeability. There-
fore, we had 2 X 3 = 6 conditions with the order counterbalanced
by a Latin square. However, to avoid the influence of fatigue, we
adopted a between-subject study design for the two visual stim-
uli conditions, where each participant only tested either color- or
scale-based stimuli. In this way, each participant completed 1 visual
effect X (2 durations X 3 layouts) X 24 measurements = 144
trials in total.

We calculated the selected features based on the participant’s
gaze data, as described in subsection 6.1, and leveraged our SVR
model to output the noticeability.

o - - - - -
COI " . . n . .
Scale - - - - -

Figure 10: Demonstrations of the three visual effects (opacity,
color, scale) in the formative study and the evaluation study.

7.2 Apparatus & Procedure

The apparatus and procedure were identical to those of our data
collection study (section 5). The study lasted around 40 minutes
and each participant was compensated with $15 USD.

7.3 Participants

We recruited 24 new participants from a local university for the
study and divided them into two groups randomly. For the color-
based visual effects, 12 participants (5 females, 7 males, average
age of 22.83 years with SD = 1.27) were allocated to participate
in the scale-based effect study. These participants reported their
familiarity with VR as an average of 3.83 (SD = 1.75) on a 7-point
Likert-type scale from 1 (not at all familiar) to 7 (very familiar). For
the scale-based visual effects, we had another 12 participants (6
females, 6 males) with an average age of 22.75 (SD = 1.76) and a
self-reported familiarity with VR of an average of 3.25 (SD = 1.22).
All participants were right-handed.

7.4 Result

As shown in Figure 11, the participants’ noticeability of arm redirec-
tion with color-based visual stimuli varied from 12% to 79% in six
conditions with an average of 49% and a standard deviation of 17%.
Similarly, the noticeability with scale-based visual stimuli ranged
from 17% to 83% with an average of 51% and a standard deviation
of 18%. This suggested that the noticeability of redirection was
effectively affected by the duration and layout of the color- and
scale-based visual stimuli.

We further analyzed the virtual and physical trajectory lengths
under different noticeability conditions to confirm whether par-
ticipants’ physical movements were effectively redirected, as the
same in subsection 4.4. In the unnoticed condition, participants’
physical movement trajectories were significantly shorter than
their virtual trajectories: Physical (AVG = 1.17, SD = 0.05) and
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Figure 11: Study results of the model trained with opacity-based visual effects, tested on the color- and scale-based visual effects.

Virtual (AVG = 1.27, SD = 0.05, t(11) = 2.48, p < 0.05). Sim-
ilarly, in the noticed condition, participants’ physical movement
trajectories were also shorter than their virtual trajectories: Phys-
ical (AVG = 1.15, SD = 0.04) and Virtual (AVG = 1.28, SD =
0.04, 1(11) = 4.88, p < 0.01).

Our regression model could accurately compute the noticeability
with new color- and scale-based visual stimuli. We calculated the se-
lected features with the recorded eye gaze behavior data. Our model
takes the selected features as input and outputs the noticeability in
different conditions with leave-one-user-out cross-validation. For
this study, our model achieved an MSE of 0.014 (SD = 0.006) and
0.012 (SD = 0.005) for noticeability with the color- and scale-based
visual stimuli separately. Compared to the 0.011 MSE result of the
opacity visual stimuli, these results indicate that our model has
the potential to compute noticeability accurately under new visual
stimuli with new participants. This indicates that although our
model was built with the data collected from a limited number of
participants, the elicited eye behavioral patterns could be general-
ized to different visual effects and new users. We note that the two
tested stimuli never appeared in the training dataset of our model,
and the color-based stimuli even apply a paradigm of being always
visible different from the opacity-based stimuli that the model was
trained with. Our results show that our model has the potential to
be applied to scenarios with different visual stimuli, as long as the
gaze behavioral patterns of users are consistent across scenarios.

Participants’ gaze behavioral patterns are consistent across three
conditions of visual stimuli. To further explore if participants exhibit
similar gaze behavioral patterns when testing different visual stim-
uli, we conducted a technical evaluation with the data recorded in
the previous study. We leveraged the selected features to train a
regression model with the data from one of the three visual stimuli
(opacity, color, and scale) and tested the model on the data from
the other two stimuli. As shown in Table 2, the regression model of
color- and scale-based visual stimuli also achieved a comparable
performance when computing the noticeability under the same
visual stimuli. While all three regression models achieved the best
performance with the test data from the same visual effect, they
also proved the ability to compute the noticeability under other
two visual stimuli. This suggests that the gaze behavioral patterns

were consistent across visual stimuli, and can be used to compute
the noticeability of redirection.

Train set MSE of Opacity MSE of Color MSE of Scale
Opacity 0.011(0.005) 0.014(0.006) 0.012(0.005)
Color 0.018(0.014) 0.011 (0.005)  0.015(0.009)
Scale 0.016(0.009) 0.022(0.014) 0.013(0.007)

Table 2: The regression performance of training the model
with data under one visual stimulus and testing on the data
from all three visual stimuli. The results are presented as the
average (standard deviation) of MSE.

8 Towards real-world use cases

While the previous study results suggest that our proposed model
could effectively compute the noticeability of redirection under
various basic visual stimuli (transparency-, color- and scale-based),
we aimed to explore how the model could be used in real-world sce-
narios. To showcase the potential benefits of our model in practical
use cases, we implemented an adaptive redirection technique
and developed two real-world applications to demonstrate its
generalizability and usability. We also performed a proof-of-concept
study to gather user feedback while interacting with the two appli-
cations and the adaptive redirection technique.

8.1 Adaptive motion redirection technique

As discussed in the Introduction (section 1) and Related Work (sec-
tion 2), users in real VR applications may face complicated visual
effects that can impact the noticeability of redirection movements.
This, in turn, influences the effectiveness and overall user experi-
ence of redirection techniques. While it is impractical to predict the
specific visual effects users will encounter beforehand, content cre-
ators can only predefine a static redirection intensity, which limits
the effectiveness of redirection techniques. To address this limita-
tion, our proposed model enables designers to dynamically adjust
the redirection during usage based on the user’s gaze behavior.
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Figure 12: We developed two real-world applications to
demonstrate the capabilities of our adaptive redirection tech-
nique: (a) Adjusting the difficulty of VR action game: In this
application, mid-air coins and monsters serve as visual cues
for the target poses that users are asked to perform. Our
adaptive redirection technique enables the system to adjust
the game’s difficulty without the user noticing, ensuring a
balanced and engaging experience. (b) Opportunistic ren-
dering for boxing training in VR : Here, users are learning
boxing movements by following a blue avatar. Leveraging
our adaptive redirection technique, the system can simu-
late opportunistic rendering which reduces requirements for
computation resources.

Our model computes the noticeability of redirection as a float
value ranging from 0 to 1. With this output, we implemented an
adaptive redirection technique by using the Three-class model de-
scribed in subsection 6.3. For each class of noticeability, we prede-
fined corresponding redirection: 25 degrees for Low Noticeability,
15 degrees for Medium Noticeability, and 5 degrees for High No-
ticeability. When the computed noticeability falls into one of these
classes, the corresponding redirection is applied. The redirection
technique initializes with a 10 degree offset. When a change in
redirection is required according to the noticeability changes, we
use linear interpolation to transition the redirection gradually over
a 10-second period. To maintain immersion, the redirection is ad-
justed only when the user’s arm is in motion, since if the redirection
changes while the physical arm remains static, the virtual arm will
be moved and lead to break of immersion and sense of embodiment.

To be noted, this adaptive redirection technique serves as a
demonstration of the usability of our proposed model. Designers
can leverage the model’s probabilistic output to create their own
redirection techniques tailored to specific applications.

8.2 Real-world applications

8.2.1 Adjusting the difficulty of VR action game. Based on our adap-
tive redirection technique, we implemented a VR action game in-
spired by the VR game Beat Saber 2. In the game, users are asked to
perform certain poses with their arms based on visual and musical
guidance. The game difficulty could be adjusted by redirecting the
user’s movement, for example, slightly amplifying their movements
could make it easier and faster to achieve the targets. Meanwhile,

Zhttps://beatsaber.com/
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users need to focus on the targets to obtain sufficient information,
and thus they paid less visual attention to their virtual body move-
ments. As shown in Figure 12a, when the visual guidance for the
target arm pose is highly detailed and draws significant attention
from the user, the noticeability of redirection might be lower and the
system can take the risk of applying large redirection for functional
gains. However, when the user interacts with a simpler interface
and focuses mainly on their virtual arm, a low level redirection
might be applied with the high noticeability prediction.

8.2.2 Opportunistic rendering for boxing training in VR. We im-
plemented a boxing training system designed to reduce rendering
computation as our second application. Accurate motion recon-
struction and rendering may require high computing power [8].
While users may not always focus on their virtual movements, there
is a chance to apply opportunistic rendering based on the user’s
visual attention to save computing capability and avoid being no-
ticed by users. As shown in Figure 12b, the user is learning boxing
poses with a virtual coach in VR. When the user is looking at the
coach and observing them performing the pose, our model may
output a lower level of noticeability and thus it allows the system
to update the user’s movement less frequently which leads to the
virtual movement has a offset with the user’s physical movement
and save computing resources. While the user shifts their attention
back to his arm and is going to practice the boxing poses, our model
can compute that the noticeability of motion offset is higher than
in the previous scenario. Therefore, the system can allocate more
resources to render the user’s movement, to ensure that they can
perform and learn the accurate poses in VR. To be noted, we imple-
mented this application as a simulation of opportunistic rendering
to demonstrate the potential of our model, rather than fully imple-
menting it and measuring the computational resources it would
save.

8.3 Proof-of-Concept study

To further demonstrate and evaluate the how our model supports
adaptive redirection techniques, we conducted a proof-of-concept
evaluation study on two applications.

8.3.1 Design. We conducted a within-subject factorial study de-
sign, with the independent variable being the experimental condi-
tions, including Adaptive Redirection (AR) and Static Redirection
(SR). In the VR action game, participants were tasked with perform-
ing poses that aligned with a moving target. The target’s appearance
frequency progressively increased, starting at intervals of 2 sec-
onds and accelerating to 0.5 seconds and the game lasted for 60
seconds. In the boxing training application, participants engaged
in a 60-second motion-learning task, attempting to replicate the
movements demonstrated by a virtual coach. For the SR condition,
the redirection magnitude was fixed at 15 degrees, which is the
same as the medium level magnitude used in the AR condition.
After completing the tasks in each condition, participants rated the
tested conditions on physical demand ("The interaction was physi-
cally demanding"), mental demand (" The interaction was mentally
demanding and I had to concentrate a lot."), embodiment ("I felt as if
the virtual body was my body") and agency ("I felt like I could control
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Figure 13: Proof-of-concept study results indicate that par-
ticipants experienced less physical demand and a stronger
sense of embodiment and agency when using the adaptive
redirection technique compared to the static technique.

the virtual body as if it was my own body") with a 7-point Likert
scale, using the questions from similar studies in prior work [14, 52].

8.3.2 Apparatus & Procedure. We implemented the applications
with a HTC Vive pro headset in Unity 2019, powered by an Intel
Core i7 CPU and an NVIDIA GeForce RTX 2080 GPU. During the
study, participants were equipped with three Vive Trackers affixed
to their left shoulder, elbow, and waist using nylon straps.

After being introduced to the study, participants had a warm-
up session to learn about the study tasks and get familiar with
controlling the virtual movements. Once they were comfortable
with the virtual movements and tasks, they proceeded to experience
one condition across both applications. After completing the two
applications under the first condition, participants provided their
ratings before moving on to experience the second condition. The
order of conditions and applications was counterbalanced. The
study lasted around 20 minutes, and each participant received a
compensation of 10 US dollars for their participation.

8.3.3 Participants. We recruited 8 new participants (2 females, 6
males, average age of 25.63 with SD = 1.85) from a local university.
These participants reported their familiarity with VR as an average
of 3.75 (SD = 1.16) on a 7-point Likert-type scale from 1 (not at all
familiar) to 7 (very familiar).

8.3.4 Result. Figure 13 summarizes the study results. We con-
ducted Wilcoxon signed-rank tests to analyze the reported sub-
jective metrics. Participants reported lower physical demand in the
adaptive redirection (AR) condition (M = 3.50,SD = 1.00) com-
pared to the static redirection (SR) condition (M = 4.50,SD = 0.50,
W =2.00, p < 0.05). This is due to the larger redirection allowed in
AR when visual stimuli were intense, reducing the need for exten-
sive physical movement. Despite the adaptive nature of AR, partic-
ipants did not perceive a higher mental demand (M = 4.25,SD =
0.60) compared to SR (M = 4.25,SD = 0.43, W = 5.00,p > 0.05).
This suggests that AR does not introduce additional cognitive ef-
fort for participants to control their virtual motion during interac-
tions. Participants reported a stronger sense of embodiment (M =
5.13,SD = 0.60) and agency (M = 5.25,SD = 0.43) in AR compared
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to SR, where embodiment (M = 4.13,SD = 0.92, W = 2.50,p < 0.05)
and agency (M = 4.13,SD = 0.92, W = 3.00, p < 0.05) were rated
lower. This can be attributed to the reduced possibility of detecting
the redirection in AR, which enhanced participants’ sense of control
and immersion. In contrast, the frequent detection of redirection in
SR reduced their sense of agency and embodiment.

These results suggest that our technique effectively adapts the
redirection magnitude to the visual stimuli, aligning with the pre-
dicted noticeability from our computational model. This demon-
strate the potential benefits and capabilities of the model in enhanc-
ing redirection interactions.

9 Discussion

In this paper, we investigated the effects of visual stimuli on to what
extent users notice inconsistencies in their physical movements
versus avatar movements. We further contribute a regression model
that computes the noticeability of redirection under various visual
stimuli, based on users’ gaze behavioral data. With the model, we
constructed two applications in realistic scenarios with different
types of visual stimuli to demonstrate the potential advantages and
extensions of our method. In the following, we discuss possible
extensions to our model, as well as limitations and future work.

9.1 Redirection and visual stimuli

While prior work [13, 14, 41] explored how the properties (such
as magnitude, direction, location) of redirection influenced its no-
ticeabiltiy, we investigated the noticeability under visual stimuli in
this paper. However, we acknowledge that the redirection proper-
ties and the visual stimuli may affect the noticeability in different
manners. The redirection properties could determine the upper and
lower bounds of redirection noticeability, while the visual stimuli
can only reduce the noticeability in a limited range. For subtle redi-
rection that are barely noticeable even when the user is focused
on their body movements, adjusting visual stimuli does not sig-
nificantly alter the noticeability. Similarly, users will likely notice
salient redirection even with a glance, unless the redirection is com-
pletely out of their field of view. Therefore, in this paper, we fixed
the redirection magnitude to be 20 degrees (as a control variable),
for which the resulting noticeability ranged from approximately
20% to 80%. This relatively large range enables us to quantify the
impacts of visual stimuli extensively. However, we believe that ex-
ploring the interaction effect of redirection properties and visual
stimuli and combining their influence on noticeability could be
important and interesting future work.

9.2 Diverse visual stimuli

In this paper, we used several abstract visual stimuli and changed
their intensity in our user studies. We acknowledge that beyond
these static visual stimuli tested in this paper, there exist various
complicated visual stimuli in realistic use cases. For instance, a
moving object or a wiggling notification may also affect users’ gaze
behavior and therefore influence the noticeability of redirection.
We consider visual stimuli appearing and staying at a static loca-
tion to be a standard design paradigm in presenting notifications
(e.g., highlighting app icons when new messages are received) on
desktop [49], VR [58], and AR interfaces [37]. Though we validated
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our model on new type of abstract visual stimuli and in realistic
scenarios, we acknowledge that verifying the generalizability of
our regression model on motion-based or other more complicated
visual stimuli is an important future work. We expect that our re-
search methodology and the presented gaze behavioral patterns
can also apply to the investigation of other visual stimuli.

Besides, the visual stimuli investigated in this paper primarily
served as external cues for object selection or observation, rather
than being directly related to users’ body movements. In scenarios
such as motion training and learning, users may observe their body
movements through a mirror or from a third-person perspective,
making redirected motion part of the visual stimuli. This raises an
open question of how to decouple redirection from visual stimuli
to investigate their specific influence on the noticeability of redi-
rection. We acknowledge this as an important direction for future
research.

Furthermore, in more realistic usage scenarios, the stimuli could
be in different formats, including instant notifications, environmen-
tal events, or even the user’s implicit observation of the virtual
scene. We acknowledge that in such cases, different behavioral
patterns or even physiological signals, such as EEG signals and
heart rate variations, can also be indicative of the noticeability of
redirection. We expect that our research method can be adopted to
explore further the behavioral patterns that reflect the noticeability
in a more realistic setting.

9.3 User awareness and adaptation

In our user studies, we hide the true purpose from the participants
by disguising it as an accuracy evaluation for a motion tracking
system. The consideration was to mitigate the potential bias of users
being aware of the existence of redirection, which might nudge
them to be more attuned to or hyper-aware of the redirection. In
addition, our study lasted at most 40 minutes with multiple breaks,
which allowed users to regain their perception of their physical
movements and prevent fatigue. However, if a long-term redirection
is applied in real-life applications, users might become desensitized
to the redirection gradually. Users may adapt to the redirection after
noticing them multiple times and assume that the redirection exists
consistently, which could reduce the noticeability of the redirection.
We argue that the regression model should take into account the
user’s awareness and their ability to adapt their interaction behavior
to continue computing the noticeability accurately.

9.4 Limitations and Future Work

In our user studies, we treated the ending arm poses that we applied
redirection on as a control variable. We clustered 25 arm poses from
the CMU MoCap dataset [34] that are common poses in real-life
activities, randomly selecting and testing one of them in each trial.
This enabled us to average the impacts of different arm poses and
focus on the influence of visual stimuli on redirection noticeability.
However, we acknowledge that the selected pose set is still limited
in size compared to the amount of arm poses that are possible to
perform in real life. We regard extending our study to include more
arm poses and apply redirection on other body parts as important
future work.
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We implemented the regression model with the data from 12
users and evaluated it with another 24 new users. The results
showed that our model could compute the noticeability accurately
with new users while they experienced novel visual stimuli that
never appeared in the training set. However, we envision that a
personalized model could improve the regression performance by
collecting more data from the same user and capturing their unique
behavioral patterns more accurately. In addition, as we primarily
focus on modeling the relationship between the visual stimuli and
the redirection noticeability, we adopted SVR in the implementa-
tion of the regression model as it is relatively stable and did not
overfit. We note that when applying the findings into real life ap-
plications, more advanced regression/classification methods (e.g.,
deep learning models) and more fine-tuned parameters are worth
exploring to optimize the regression performance. As past work
has demonstrated the relationship between hand redirection no-
ticeability and users’ physiological data [14], we will explore how
to add physiological data into the regression model in the future.

We investigated the effects of visual stimuli on noticeability and
implemented a regression model with highly-controlled study de-
signs and abstract visual stimuli. Our goal was to study whether and
how visual stimuli affects noticeability by controlling the factors
and showcasing the potential applications that can benefit from
our model. We regard it as important future work to investigate the
effect in a field study with more realistic tasks. We will also further
generalize our contribution with a longitudinal study to consider
how users adapt their interaction patterns to redirection over time.

10 Conclusion

In this paper, we investigated and modeled the effects of visual
stimuli on the noticeability of redirection using users’ gaze behav-
iors in VR. We first conducted a confirmation study to verify if
users’ noticeability of redirection was affected by visual stimuli and
whether their gaze behaviors were correlated with the noticeability
results. After confirming that visual stimuli could influence the
noticeability of redirection, we conducted a data collection study
with refined visual stimuli. With the data, we built up a regression
model and selected effective features to compute the noticeability of
redirection based on gaze behavior data, achieving an accuracy of
0.011 MSE. We then evaluated our model on unseen visual stimuli
with 24 new users and results suggested that our prediction model
could generalize to new visual stimuli. We then implemented an
adaptive redirection technique based on our model and conducted a
proof-of-concept study comparing it to static redirection technique.
Results suggested that participants felt less physical demanding
while kept a high sense of body ownership using the adaptive redi-
rection technique based on our model. We believe that our model
could support more effective and immersive redirection interactions
in VR.
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A Target pose samples

In this section, we present a set of 25 target poses sampled from
the CMU MoCap dataset [34], using the HDBSCAN clustering al-
gorithm [46] for pose selection. The samples represent a diverse
range of human body postures.

Figure 14: Sampled target poses from the CMU MoCap
dataset, clustered using HDBSCAN.



	Abstract
	1 Introduction
	2 Related work
	2.1 Redirection in VR
	2.2 Noticeability of redirection in VR
	2.3 Gaze behaviors for HCI

	3 Methodology
	3.1 Selecting left arm for investigation
	3.2 Redirection mechanism
	3.3 Dual-task design
	3.4 Sampling target poses

	4 Confirmation Study
	4.1 Design
	4.2 Participants & Apparatus
	4.3 Procedure
	4.4 Results

	5 Data Collection
	5.1 Design
	5.2 Apparatus & Procedure
	5.3 Participants
	5.4 Summary of data statistics

	6 Implementation
	6.1 Gaze behavioral patterns
	6.2 Regression model
	6.3 Classficiation model

	7 Evaluation: Extend to More Visual Stimuli
	7.1 Design
	7.2 Apparatus & Procedure
	7.3 Participants
	7.4 Result

	8 Towards real-world use cases
	8.1 Adaptive motion redirection technique
	8.2 Real-world applications
	8.3 Proof-of-Concept study

	9 Discussion
	9.1 Redirection and visual stimuli
	9.2 Diverse visual stimuli
	9.3 User awareness and adaptation
	9.4 Limitations and Future Work

	10 Conclusion
	Acknowledgments
	References
	A Target pose samples



