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Figure 1: Views from studies conducted related to AI and XR cueing. a) the search environment and task used for Study 3 and
Study 4 [17, 18, 23]; b) HMD view of the environment and task used for Study 2 [13], c) HMD view of the visual search task and
the gaze line cue used for Study 1 [10, 9].

ABSTRACT

A variety of assistive extended reality (XR) visual cueing tech-
niques have been explored over the years. Many of which provide
significant benefits to tasks such as visual search. However, when
the cueing system is erroneous, performance may instead suffer.
Factors such as automation bias, where an individual trusts the cue-
ing system despite errors in the cueing may affect task efficacy (i.e.
completion time, accuracy, etc.). In some cases, such as with au-
tomation bias, these hindrances may be the product of artificial in-
telligence (AI) integration. Despite this, there may be benefits to
using adaptive AI-based cueing systems for XR tasks. However,
aspects such as the flow of information, automation accuracy, com-
munication of confidence, or the refusal of output must be consid-
ered to build effective AI adaptive cueing systems. In this paper,
we discuss four studies conducted by our group that explore visual
cueing and AI. We then discuss potential future avenues for inte-
grating AI into cueing techniques to minimize automation bias and
cognitive demand on users, as well as, improve overall cueing out-
comes.
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1 INTRODUCTION

A variety of factors influence visual cueing for extended reality
(XR). Design aspects such as head-mounted displays (HMDs) ca-
pabilities, communicated information, salience, cue triggers, task
context, etc., affect the efficacy of cueing [4, 8, 7]. In addition
to these design aspects, human factors, such as attention [25] and
cognitive resources [22] affect cueing intervention efficacy; namely
through automation bias [3, 20] and information overload (often via
display clutter) [14].

In this paper, we will discuss several of our studies surrounding
visual cueing and artificial intelligence (AI). Study 1 (see Fig. 1c)
supports the usage of cues for visual search in XR [10, 9]. How-
ever, these results were produced with perfect cueing. With these
cues, if present, they point to the target location without fail. Study
2 (see Fig. 1b) begins to explore error [13]. When automation (or
simulated automation) was added to the cueing system via machine
learning (ML), diminished returns surfaced when utilizing cues as
demonstrated by Study 3 [23] and Study 4 [17, 18] (see Fig. 1a).
Many of the issues that emerged when ML was incorporated can be
attributed to automation bias, where the user trusts the automated
system, even when the system is erroneous [3, 20]. This issue can
even persist when collaborating in groups [21]. Clutter effects can
further compound these issues by over-taxing- the limited cognitive
resources a user possesses.

Adaptive cueing approaches can be adopted to address these is-
sues, some of which are the product of AI integration. Adaptive
cueing uses AI, such as ML, to dynamically drive the cueing sys-
tem implemented for a given task, based on computer sensing of
the environment after training the model for a specific purpose.
This approach has the potential to reduce cognitive load dynam-
ically, adapt to user skill levels, and help improve overall cueing
outcomes. However, new considerations emerge, such as informa-
tion flow, automation accuracy, automation confidence, and how to
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handle uncertainty.

2 XR VISUAL CUEING

The visual search paradigm asks users to find a target from among
other distractor objects, from a complex environment, or a combi-
nation of both [15, 5]. It is a common task used for XR cueing
and has been applied to a variety of use cases such as airborne
surveillance [1], finding office supplies [16], or navigating stairs
for low-vision individuals [27]. Several studies have explored im-
portant aspects such as cue subtlety [24], lighting [11], out-of-view
targets [6, 2], and large area searches [12]. Many of these prior stud-
ies have found cueing techniques to be beneficial for the assigned
task, improving things such as time and accuracy metrics.

Several prior works are in line with these results. When using
gaze guidance lines in Study 2 to identify buildings in a virtual envi-
ronment for a simulated Joint Tactical Air Controller (JTAC) target
identification task, Mifsud et al. [13] found the use of gaze guid-
ance lines improved both response time and accuracy. In our Study
1 using visual cues to identify hostile targets in virtual buildings,
we compared three cue designs (gaze lines, 2D wedge, and 3D ar-
row) to a baseline no-cue condition [9, 10]. Our results showed an
improvement in both search time and search accuracy when using
any cue condition (see Figure 2). However, the greatest reduction
in time and increase in accuracy was produced by the gaze line cue
[9].

Figure 2: Accuracy and response time measures from Study 1 [9,
10]. Each cue condition improved over the baseline no cue condition.

In addition to the improvements to both search time and accu-
racy from cue integration, we also found a reduction in the to-

tal head rotation exhibited by participants with the cues in Study
1 [10]. When using a cue, participants’ total head rotation°was
reduced from 2696.4°(about 7.5 full rotations of the head) to be-
tween 727.36°and 1115.01°(or about 2 to 3 full rotations of the
head) with the gaze line providing for the greatest reduction (see
Figure 3. This is attributed to the readily accessible spatial infor-
mation provided by the cues and the inclusion of both position and
direction information in the gaze line and 2D wedge designs (as op-
posed to the 3D arrow, which only includes direction information).
This reduction may also translate into a reduced sense of fatigue
when using these systems. However, these benefits are predicated
on the perfectly cued nature of these works. In each of these stud-
ies, the cue, when present, always pointed to the target location, but
the introduction of erroneous cueing has been found to introduce
automation bias effects.

Figure 3: Rotation measures from Study 1 [10]. Each cue condition
reduced the total head rotation over the baseline.

3 AUTOMATION BIAS

Automation bias occurs when the user of an automated system, such
as an AI cueing system, trusts the system’s decisions even when er-
roneous [3, 21, 20]. In experiment 2 of Study 2 [13] erroneous cues
were introduced into the JTAC target identification task. In 10% of
the conditions, the gaze line cue would point to the wrong build-
ing. This introduction of error reduced the efficacy of the cueing
intervention and appeared to have introduced an automation bias
effect.

3.1 Bias with Machine Learning
A follow-up study (Study 3) conducted by our group introduced er-
ror by simulating output that would be produced by an ML agent
trained on target data [23]. Three cue conditions were tested: 2D
arrows, minimap, and icons (in the form of images of the target
stimuli). Each cue was presented with either a 17% error rate (to
simulate ML-driven output with an 83% accuracy rate) or perfectly
cued. Cues boosted search performance even when erroneous (see
Figure 4), however the cues did suffer a performance decrement
(reduced response time and accuracy) when erroneous. Despite the
performance change cueing still provided a benefit; in particular,
the arrow cue was still the fastest and most accurate [23]. This per-
formance drop may indicate an automation bias effect where people
followed the cue without confirming it’s accuracy.

Many prior studies exploring automation bias used an imperfect
system similar to our Study 3. [23]. These often used a fixed error
rate, however, a true ML-driven cueing system would be subject to
variability based on environmental conditions. This motivates our
follow-up study to Study 3 [23]. In Study 4 [17, 18], the search
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Figure 4: Comparison of cues with different simulated accuracy rate
from Study 3 [23]. The arrow cue provided for the fastest response
time and highest accuracy even when the cue was 83% accurate. All
cues improved over the baseline for both response time and accu-
racy, withe the exception of the icon cue response time.

Figure 5: Speed-accuracy trade-off from Study 4 [17]. When the
cue perfectly cued the target the highest accuracy and fastest re-
sponse time was observed. When ML was used to drive the cue the
response time increased and the accuracy decreased, however the
use of ML cues still improved both accuracy and response time.

task was similar to Study 3 [23], except a single cue (2D arrow)
was compared to a no cue condition with either perfect cueing or a
YOLOv5 ML model. Imperfection in the cueing system was in-
troduced using this live ML model with an average accuracy of
88.9%. In line with Study 1 and Study 3, the use of perfect cue-
ing provided for the strongest response in regards to both accuracy
and response time, however, when the live ML agent was used to
drive the cues both accuracy and response time suffered (although
cueing was still beneficial). Figure 5 shows the trade-off experi-
enced between speed and accuracy as well as the effects of both
cueing condition and perfect vs ML cueing.

A delay was also sometimes observed in the response time for
the imperfect cueing condition driven my ML [17]. In these cases
the participant did not blindly follow the automated recommenda-
tion, but instead noticed the error. This then prompted them to re-
search the space for the correct target. However, if they were then
unable to find the correct target, based on their imperfect recall of
an image shown at the beginning of the trial, they would typically
default to following the erroneous ML decision [17].

These works highlight one of the key challenges with using AI

to drive cueing systems: the allure of trusting the AI system even
when it is erroneous. A robust adaptive cueing approach may prove
beneficial in addressing this issue and other factors that exist when
considering the human element of XR cueing.

4 ADAPTIVE CUEING

Adaptive cueing approaches incorporate AI techniques into the cue-
ing system to dynamically adjust the cueing experience. Seeliger
et al. [19] applied adaptive cueing to a navigation task. Participants
were asked to navigate a room and retrieve items from boxes located
throughout. The adaptive system produced comparable results to
the always-on system (the format most cueing systems utilize), but
with the benefit of higher user preference and reduction of clutter
effects. Another recent study explored the use of adaptive-auditory
cues for gait control with Parkinson’s disease [26]. As with [19],
Wu et al. [26] found the use of adaptive cueing techniques to be
beneficial, however this study did not present the auditory cues in
an XR setting.

5 IMPLEMENTATION OF ADAPTIVE CUEING

One of the key challenges with deploying an adaptive cueing sys-
tem is gathering enough relevant data to train and build AI models
(a problem that is not uncommon in the ML community). In the
case of adaptive cueing, performance and interaction data are the
most suitable measures. This includes performance data, such as
response time or accuracy, as well as physical/physiological mea-
sures, such as movement, gaze, pupillometry, heartbeat, etc. In the
case of [19], context data (i.e., position, distance to target, etc.) and
user input data were used to train their model.

Once collected, the goal is to capitalize on features of that dataset
that can help predict when a user would benefit from cueing in-
terventions. This may be when their response time is slowed or
idled. Another indication of the need for cueing intervention could
be when their heart rate increases, or the number of saccades in-
creases without fixations on the target or relative spatial features.
Other task specific data may be relevant, especially when the data
indicates a potential danger to the user (i.e. overheating machinery,
active automated robotic agents, etc.). In any case the goal is to re-
duce the amount of cognitive effort required to engage with the task.
This may in turn allow the user to attend to the target, distractors,
and environment to better identify when an error has occurred.

There is also a question of user agency and the overall flow of
information with cueing systems (adaptive or otherwise). When
considering a use case with a top-down hierarchical structure, such
as military or first responder, in addition to the user and the AI agent
driving the cueing, another source may be pushing information to
the user. This could be dispatch or a command center, a collab-
orative team of XR users, etc. This becomes a complex problem
that could overwhelm the user if proper design considerations are
not considered, as there are now many channels of information that
may present cued information to the user.

5.1 Reducing Cognitive Load
Attention theory [25] posits that individuals have a limited number
of cognitive resources at their disposal. The amount of resources
depends on the individual, their environment, the time of day, and
a host of other contextual factors. If an individual becomes over-
loaded and the task at hand requires more cognitive resources than
they have, their performance will suffer. Conversely, if a task re-
quires so few cognitive resources as not to engage the individual,
this will also affect performance.

In the case of XR cueing, providing too much information to
an individual may lead to diminishing returns via cluttering ef-
fects [14]. Display clutter can occur with any display but is es-
pecially problematic with low FOV augmented reality (AR) dis-
plays. To combat this, an adaptive cueing system that dynamically
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changes the amount of cued information can be implemented. This
does, however, need to take into consideration the nature of the
cued information, including its importance to the task, the danger
posed to the user, temporal relevancy, etc. These aspects become
even more difficult to manage when considering the confidence and
accuracy of the cueing system.

5.2 Confidence and Output
With ML models, a key feature for determining output is confi-
dence. This metric helps the model to determine what output to
present to the user. In most cases, with regard to adaptive XR cue-
ing, this means that whatever target location has the highest confi-
dence rating would be cued. For a majority of tasks, this would be
acceptable, even with errors as a factor, but in high-stakes, poten-
tially life-threatening scenarios, such as military or search and res-
cue operations, these errors may be unacceptable. Unfortunately, it
may not be enough to simply tag each cue with a confidence value
as this may increase the number of cues (i.e., three locations all
produce a .33 confidence score, so all three are cued) and increase
clutter by presenting the confidence information alongside the cues.
This would, in turn, affect the cognitive load of the user.

Instead of presenting this information it may be pertinent to se-
lectively ignore information depending on the system’s confidence,
however this may come with other costs, especially when consid-
ering the use of adaptive XR in high stakes scenarios. A missed
enemy soldier, an inaccurate injured victim location, or some other
misrepresented data may quickly become problematic, especially if
automation bias is in play. In these situations, opting not to pro-
vide information may be the better choice in order to force the user
to rely on their own perception for task completion. In addition,
there may also be situations where the user must maintain focus
and should have the option to dismiss or completely turn off the
adaptive cueing system.

5.3 Other Considerations
Collaborative control of the adaptive cueing system can become
quite challenging, especially if the system is dependent on a com-
plex flow of information from the environment, the user, collabo-
rative users, and other hierarchical structures. Allowing the user to
switch off or dismiss information that they believe to be erroneous
or unhelpful can improve this experience, but there may also be
times when the adaptive system needs to begin re-cueing without
the user’s knowledge (i.e. imminent danger in a combat zone or
a more critical patient going into cardiac arrest). In these cases, it
may be necessary to remove control of the dismissal options from
the user. However, this can lead to complications from clutter or
cognitive load effects.

For adaptive XR cueing, the best scenario is to develop robust
models that have a low error rate. However, this is not always possi-
ble, given the nature of AI (particularly ML). As such consideration
of the flow of information, how to communicate or act upon con-
fidence, and methods of shifting adaptive system control should be
considered. To address each of these design considerations, further
exploration is required from both the XR and the AI community.

6 CONCLUSION

Integration of AI into XR cueing techniques may be inevitable, as
the cueing system will need to be able to identify and act upon
relevant spatial information in an environment without markers.
While cueing systems can provide a benefit to the user, these ben-
efits quickly diminish when the cueing system becomes inaccurate,
a problem that is compounded by automation bias and clutter ef-
fects. In order to counteract these effects adaptive-cueing systems
driven by AI may prove to be a useful tool, however, implemen-
tation of such systems requires careful consideration of the factors
surrounding XR cueing. In addition to the cue design and human

factors, aspects such as the flow and control of information, the na-
ture of the data being utilized for adaptive cueing, the handling of
imperfect information and confidence, as well as a host of other
factors, require consideration.
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