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Figure 1: We studied the differences between externally tracked (3) and manually controlled facial expressions in AR. In our
study setup, both participants are visually separated by a whiteboard (1D). They see the conversation partner’s 3D avatar in
AR through their HMDs (2). Depending on the condition, face tracking via webcam (1B) or manual input (1A) controls the
expressions shown by the avatars.

Abstract
In distributed multi-user XR spaces, avatar facial expressions are
usually enabled by built-in sensors in high-end HMDs. Motivated
by the diverse landscape of devices without these capabilities, we
investigate two alternative methods to execute facial expressions.
In a study with 18 participants collaborating in dyads, we compared
(1) external webcam-based face tracking and (2) manually triggered
preset expressions, exploring trade-offs between less reliable, video-
based tracking of partially obscured faces and less natural manual
control. Our results show that participants prefer manual triggering
over unstable face tracking, as the latter leads to significantly higher
task load and effort, while the former did not negatively influence
interpersonal communication and was easier to use.
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1 Introduction & Background
In avatar-mediated, multi-user Extended Reality (XR), expressive 3D
avatars can support non-verbal communication. Especially in tasks
requiring face-to-face discussions, facial cues can have a greater
influence on conversational outcomes than bodily cues [16], be-
cause avatars with facial expressions significantly increase user
satisfaction and social presence [25], as well as interpersonal attrac-
tion [28]. Realistic avatars can increase comfort [14] and interper-
sonal trust [1], and the mood of these facial expressions can further
influence this trust positively or negatively [20]. However, most
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head-mounted displays (HMDs) lack high-quality face-tracking ca-
pabilities, excluding users without access to flagship HMDs from
fully expressing themselves and socially participating in multi-user
XR spaces. Designing these spaces in a more device-inclusive man-
ner could narrow this gap [15].

One approach towards more inclusive design is allowing the
substitution of high-end tracking sensors with cheaper and more
accessible hardware, like external webcams. However, this could
destabilize the expression of emotional cues, triggering the uncanny
valley effect and a feeling of eeriness [4, 18]. The quality of face
tracking is generally highly user-dependent due to factors such
as facial hair, glasses, and even makeup [9, 26]. In multi-user XR,
face tracking using external cameras is additionally limited by the
HMDs partially covering the faces, requiring artificial substitution
of the expressions in the missing upper-half of the face to decrease
the sense of unnaturalness [27].

In light of these drawbacks, alternative control methods for facial
expressions should be considered. Manually triggered emotional
expressions can help users express their intentions and feelings
in virtual environments [12] and enable emotional consensus and
trust building during virtual collaboration [13]. However, explic-
itly triggering expressions, e.g, via controllers or hand gestures,
can feel unnatural and disruptive in conversations [2] and, ulti-
mately, hinder communication. Further, synthetic emotions must
be carefully designed and smoothly animated to avoid the uncanny
valley [3, 21].

Both external tracking and manually controlled expressions can
make multi-user XR spaces more inclusive for users without access
to flagship face tracking technology. Prior work, such as Kullmann
et al. [17], already demonstrated the potential of synthesized ex-
pressions in comparison to tracked ones, but relied on pre-recorded
animations without real-time interaction. To evaluate the potential
of these alternatives to built-in face tracking in a dynamic conver-
sational setting, we conducted a user study with 18 participants,
comparing facial expressions based on camera-based, external live
tracking with expressions triggered by explicit controller input. Our
study setup paired users in a remote, HMD-based augmented-reality
(AR) scenario. The external tracking of HMD-covered faces led to
expected instability, with tracking issues increasing task load and
varying widely between users. Our results show that, under adverse
tracking conditions, manually triggered expressions cause lower
perceived task load, do not reduce task performance or interper-
sonal trust, and are a viable alternative when built-in face tracking
is unavailable for tasks that rely heavily on facial expressions.

2 Study
Our study employed a within-subject experimental design with two
conditions: (1) real-time tracked facial expressions captured with an
external web-cam and (2)manually triggered preset expressions. Con-
dition sequences were counterbalanced across groups to minimize
order effects. Participants alternated between the two roles in our
task, guesser and answerer (see subsection 2.1), to ensure balanced
exposure to both perspectives. Based on this design and indications
from prior literature, we defined the following hypotheses:
H1: Tracked facial expressions will lead to a higher sense of so-
cial presence compared to manually triggered preset expressions,

due to their real-time responsiveness.
H2: Tracked facial expressions will enhance interpersonal trust
compared to manually triggered preset expressions, due to their
perceived authenticity.
H3: Manually triggered preset expressions will enhance commu-
nication satisfaction compared to tracked facial expressions, due
to their smoothness and stability.
H4: Tracked facial expressions will lead to a greater task load
compared to manually triggered preset expressions, as they re-
quire actively making facial expressions rather than simple button
presses.

2.1 Task & Participants
Prior research by Le Tarnec et al. [19, 25] shows that manual tasks
strongly distract participants’ attention from each other’s faces in
multi-user XR, causing them to miss facial expressions and non-
verbal cues. To ensure focus on facial expressions, we adapted the
game "Who am I?" into a dialogue-based scenario in which guessers
had to identify their hidden character by interpreting non-verbal
responses from the answerer’s avatar. In this guessing game, the
guesser asks a series of "yes/no" questions about their assigned
character. Instead of answering verbally, answerers only respond
through facial expressions (Happy - positive, Sad - negative, Sur-
prised - unexpected, and Disgusted - strong negative), and guessers
have to interpret the meaning of each response. In the tracking
condition, we animated the HMD-covered upper half of the face
when emotions were recognized, ensuring a fairer comparison by
avoiding the uncanny valley effect caused by missing upper-face
movement [27].

The study included 18 unpaid volunteer participants (16 men, 2
women) aged between 23 and 28 years (M = 25.5), recruited from the
local university and grouped into 9 dyads. 11 had experience with
VR/AR devices, 9 had used the HoloLens 2, and 7 had previously
interacted with avatars.

2.2 System & Setup
During the study, two participants wearing AR HMDs sat face-to-
face at a table divided by a whiteboard so they could not see each
other’s physical bodies (See Figure 1;1) and instead only see each
other’s avatars in front of them (See Figure 1;2). In this asymmetric
setup, the guesser used a microphone to capture their voice and
animate their avatar’s lip movements accordingly while talking
(See Figure 1;1C). During the tracking condition, the answerer’s
face was tracked by a webcam (See Figure 1;1B), and during the
manual trigger condition, they used an Xbox controller to select the
expressions (See Figure 1;1A). The study system was developed in
Unity. External face tracking was achieved using OpenSeeFace [7].
Because the upper face was obscured, the four pre-determined
reactions (Happy, Sad, Surprised, Disgusted) were inferred solely
from mouth movements, specifically, whether it was opened and
if the movement of mouth corners exceeded personalized thresh-
olds in four directions (Up, Down, In, Out). Informed by the work
of Du et al. [5], who define a combination of Action Units (AU) for
compound facial expressions based on the Facial Action Coding
System (FACS) [6, 8], corresponding blendshapes for full avatar
facial animation were then triggered.
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To animate the guesser’s avatar’s lips, we used Oculus Lip-
sync [23]. Networking was handled using Colibri [11].

2.3 Procedure
After signing the informed consent form, participants were intro-
duced to the game rules and guided through the HoloLens 2 usage
and eye calibration process. Then, using the Xbox controllers, both
participants selected their avatar characters from a diverse set of
options. Once in the main game scene, participants experienced one
of the two conditions. In the tracking condition, the answerer first
completed a brief calibration to personalize the expression track-
ing. During calibration, they performed various facial expressions,
monitoring their avatar’s reaction, and self-assessing the perceived
difficulty of achieving them. Based on this, we adjusted sensitivity
thresholds for the respective expressions accordingly until users
reported them to be comfortable and controllable. Each game round
of "Who am I?" had a 5-minute time limit. In the beginning, the
answerer viewed their target character’s image and name on a
screen. Then, the guesser started asking a series of "yes/no" ques-
tions, and the answerer responded only using facial expressions,
guiding the guesser to identify the character. If the guesser was
unable to determine the character, they could say “pass” or “next”.
The goal was to guess as many characters as possible within the
time limit. After each round, participants completed questionnaires.
Roles were then switched, and the process was repeated until all
participants experienced both conditions.

2.4 Measurements
We logged the facial expression usage during the task. The col-
lected data further included social presence, using the Multimodal
Presence Scale (MPS) [22]; task load, via the standard NASA Task
Load Index (NASA-TLX) [10]; interpersonal trust, using a slightly
adapted self-developed questionnaire by Aseeri and Interrante [1];
and communication satisfaction, measured using adapted items
from Suh [24]. Except for the NASA-TLX, all items were rated on
7-point Likert scales ranging from strongly disagree (1) to strongly
agree (7), using themedian to aggregatemultiple items. All question-
naires are provided in the supplementary material for this paper.

3 Results
For the statistical analyses, we used the Wilcoxon signed-rank test.
To control the false discovery rate, we applied Benjamini-Hochberg
correction (𝛼 = .05) and report corrected 𝑝-values. To estimate
effect sizes for significant results, we used the matched pairs rank-
biserial correlation (𝑟 ).

3.1 Measures of Social Interaction
The questionnaire about social presence shows an acceptable in-
ternal consistency with Cronbach’s 𝛼 = .76. The test showed no sta-
tistically significant differences between conditions (𝑊 = 20.0, 𝑝 =

.964), see Figure 2. These findings do not offer sufficient statistical
evidence to support H1. The questionnaire about interpersonal
trust shows good internal consistency, with Cronbach’s 𝛼 = .83.
Similarly to the social presence, the test showed no statistically sig-
nificant difference between the two conditions (𝑊 = 13.5, 𝑝 = .507).
As shown in Figure 2, the distribution of trust scores in the tracking

condition was slightly more concentrated (IQR = 1.125, Q1 = 5.00,
Q3 = 6.125) than in the preset condition (IQR = 2.0, Q1 = 5.00, Q3 =
7.00). These findings do not provide sufficient statistical evidence
to support H2. The questionnaire on communication satisfac-
tion showed good internal consistency, with Cronbach’s 𝛼 = .87.
Again, the Wilcoxon signed-rank test did not show a statistically
significant difference between conditions (𝑊 = 21.5, 𝑝 = .428) and
therefore there is insufficient evidence to support H3.

3.2 Performance and Usability Metrics
For task load, we found a statistically significant difference be-
tween the conditions for physical task load (𝑊 = 5.5, 𝑝 = .022, 𝑟 =
.879) and effort (𝑊 = 9.0, 𝑝 = .022, 𝑟 = .829). As shown in Figure 2,
physical task load scores under the tracking method were more
widely dispersed than in the manual method. This suggests that
the participants’ perceived physical task load varied more in the
tracking condition. These results provide statistical support for H4,
confirming that using real-time facial tracking expressions causes a
much higher task load than manually triggered preset expressions.

To further evaluate this, we also looked into the ease of use for
expressions in both methods. Participants rated them on a 7-point
Likert scale from "very difficult" (1) to "very easy" (7). As Figure 2
shows, the manual expressions were easier to use, achieving a
median score of 7 and tightly distributed scores. In contrast, the
trackingmethodwas rated significantly harder to use with amedian
of 3 (𝑊 = 2.0, 𝑝 = .016, 𝑟 = −0.962) and showed a wider distribution
of ratings, suggesting a more inconsistent feeling of the tracking
expressions across participants. According to participants’ feedback,
a total of 12 participants reported experiencing difficulties, all of
which were related to the tracking method. Their feedback can
be grouped into three types of difficulty: control difficulty (n = 6),
response instability (n = 4), and physical fatigue (n = 2).

We explored two aspects of participants’ preferences: (1) which
method they preferred to use for self-expression, and (2) which
method they preferred to observe in others’ facial animations. As
shown in Table 1, for self-expression, 6 of 16 participants preferred
the tracking method, 8 favored the preset method, and 2 reported
no significant difference (NSD) between the two methods. For view-
ing others’ avatars, 4 participants preferred the tracking method,
while 10 favored preset expressions. Again, 2 indicated no clear
preference.

Table 1: Preference for expression methods for the partici-
pants’ self-expression and as the observer.

Role Tracking Manual No sig. Diff.
Self-Expression 37.5% 50.0% 12.5%
Observer 25.0% 62.5% 12.5%

Using the timestamps and corresponding expression usages in
the log files, we calculated the duration of each expression state
by computing the time differences between consecutive timestamps.
We compared expression usage across conditions using the relative
percentage of time spent in each expression (See Table 2).
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Figure 2: From left to right: Scores for Social Presence, Interpersonal Trust, Communication Satisfaction, and Ease of Use, all in
a range from 1 to 7, with larger scores being better. Second group: Raw TLX scores for Mental Load, Physical Load, Temporal
Load, Performance, Effort, and Frustration, all in a range from 0 to 100, with larger values being better. The boxes show the
25th and 75th percentiles, the horizontal bars mark the median, and the whiskers show the smallest and largest values up to
1.5 times the interquartile range; outliers are marked individually. Brackets mark significant differences.

Table 2: Percentage distribution of expression duration by
condition.

Method Neutral Happy Sad Surprised Disgusted
Preset 69.89% 11.48% 13.19% 1.20% 4.24%
Tracking 36.99% 19.56% 41.10% 0.85% 1.50%

4 Discussion
Our study compared alternatives to built-in face-tracking for emo-
tional expression in HMD XR, each with distinct limitations: track-
ing was less reliable due to the partially occluded faces, and manual
triggering required conscious effort, potentially reducing natural-
ness. We wanted to investigate the user’s attitude towards these
factors and their influence on communication. Significant differ-
ences emerged in user experience: participants reported higher
physical task load and effort for the face-tracking condition, lead-
ing us to accept H4. One contributing factor may be the variability
in tracking quality across participants depending on facial structure,
facial hair, and accessories [9, 26]. 12 out of 18 participants reported
such difficulties, requiring exaggerated facial gestures to ensure
accuracy, potentially increasing cognitive and physical demands,
which correlated with lower individual ease-of-use scores. The ex-
pression log (see Table 2) offers another perspective. In the manual
condition, neutral expressions occupied 7̃0% of time versus only
3̃7% in the tracking condition, suggesting an over-sensitivity to
involuntary minor movements or specific facial characteristics. The
Sad expression was triggered more than three times more often in
the tracking condition, probably due to many people’s resting face
having slightly down-turned mouth corners, while Disgusted was
triggered around three times more often in the manual condition,
possibly indicating difficulties in triggering it through tracking or
participants being more open to express strong emotions manually.

Although our scenario revolved around collaboration through
emotional expressiveness, our results showed that the type of con-
trol had no significant impact on interpersonal communication,
leading us to reject H1-H3. Despite knowing whether their partner

used tracked or manually triggered expressions, participants did
not perceive manually triggered expressions as less trustworthy or
satisfying. We speculate that the higher reliability of the manually
triggered expressions outweighed their potential unnaturalness,
as evidenced by strong user preferences for the manual method
for both self-expression and observation. While the former can be
traced back to the significantly increased task load and effort, the
latter can not be connected to any of our measurements.

5 Limitations
While our findings offer insights into the usability of the presented
methods, there are limitations to our study. First, the unbalanced
gender distribution (16 male, 2 female) restricts generalizability.
Further, our study task forced participants to rely solely on facial
expressions for communication, which is not a reflection of a natu-
ral, dynamic conversation. Finally, while representative of current
external face-tracking technology, the limitations of our tracking
setup may have exaggerated the task load associated with this con-
dition. Improved or alternative external tracking methods could
yield different outcomes and warrant further investigation.

6 Conclusion
We present the results of a study comparing two low-tech alterna-
tives to built-in face tracking for emotional expression in avatar-
mediatedmulti-user XR collaboration: external webcam-based track-
ing and manually triggered expressions via controller. Given the
limited distribution of face-tracking sensors in current HMDs and
motivated by the need to make multi-user XR spaces more inclu-
sive, we explored the trade-offs between less reliable video-based
tracking of half-obscured faces and less natural manual control of
emotional expressions. Our findings show that participants prefer
manual triggering, as unstable tracking significantly increased task
load and effort.We conclude that unless an alternative real-time face
tracking solution can be consistently reliable, it may hinder rather
than enhance collaboration. Since high tracking quality strongly de-
pends on the available hardware, we recommendmanual expression
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control as a viable, accessible alternative that did not compromise
communication in our scenario. Future research should refine man-
ual expression interfaces to support diverse input methods and a
variety of collaborative contexts.
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