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Fig. 1: Left: Motion is simultaneously recorded using marker-based motion capture and head-mounted display (HMD) tracking, allowing
us to perceptually evaluate any differences in the social information conveyed. Right: A subtle error in coronal posture tracking that led
to participants failing to recognize a happy motion.

Abstract—Motion tracking to project users into embodied virtual reality (VR) as avatars is an essential application of real-time computer
graphics. Most current embodied VR systems rely on head-mounted displays (HMDs) to estimate user pose, as headset sensors can
track the head and hands, thereby reconstructing the full body without the need for external hardware. However, measuring the quality
of motion reconstruction algorithms from HMD-based tracking, particularly those intended for use in social settings, remains challenging
due to the complex interaction between motion and perceived social signals. This paper compares two industrial tracking reconstruction
solutions, called HMD1 (i.e., a basic HMD-based method that uses head tracking and hand positions estimated from HMD cameras)
and HMD2 (i.e., an advanced HMD-based method with additional onboard camera streams), that estimate user motion using only
an HMD against ground-truth motion capture (MoCap) data. It advocates for a social signal-based analysis that views motion as a
communication medium and employs user observations to measure whether viewers successfully perceive the information encoded in
motion. Across 156 socially expressive clips, Social Signal ratings were more effective than generic measures at revealing differences
between the HMD methods. HMD2 preserved social meaning more accurately than HMD1, with fewer significant deviations from
MoCap, while both HMD methods were frequently rated less natural than MoCap. A qualitative review localized recurrent failure modes,
such as arm swivel/shoulder errors, posture reconstruction issues, and floating/stance artifacts, which help explain the misreading
of social signals. We release a dashboard scorecard, motion capture data, and a benchmark protocol to enable consistent motion
evaluation. More generally, this work advocates for an underexplored approach to motion evaluation that focuses on assessing the
semantics of motion to determine quality. As reliance on generative artificial intelligence (Al) increases, it is essential to standardize
evaluation to preserve the authenticity of the social signals conveyed. The developed dataset and the evaluation framework are
provided on our project’s website: https://github.com/facebookresearch/MotionIsTheMessageDataset.

Index Terms—YVirtual reality, motion tracking, evaluation, naturalness.
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1 INTRODUCTION

Embodied virtual reality (VR) [45,47] enables users to interact in
virtual environments by having their avatars controlled through their
physical movements, which are captured and mirrored in real time.
Early systems, especially those using head-mounted displays (HMDs),
often relied on limited “three-point tracking” (3pt), in which only the
head and two hand controllers were tracked and the lower-body pose
was inferred from this sparse data [39,61]. Recent HMDs integrate
additional onboard cameras that improve tracking fidelity, enabling
more accurate reconstruction of full-body motion and fingers compared
to 3pt tracking, while lower-body pose estimation remains limited.
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Crucially, these advances allow tracking with only an HMD, removing
the need for handheld controllers or external devices.

However, beyond technical progress, improved tracking has im-
portant consequences for social interaction in embodied VR, where
nonverbal cues (e.g., emotional expression, attentiveness, dominance)
play a central role in effective communication. Avatars must accurately
reproduce these social signals, since failure to do so risks misunder-
standings and a diminished sense of social presence.

Evaluating animation quality in social contexts is, therefore, a non-
trivial task. For physically demanding movements (e.g., tumbling,
parkour), fidelity can be assessed with metrics that measure adherence
to physical constraints, such as the conservation of angular momen-
tum. However, when motion conveys social meaning rather than just
physical precision, such metrics become insufficient. In these cases,
the evaluation must determine whether the intended social messages
embedded in the motion are preserved and interpretable to observers.

We address this methodological gap (i.e., the lack of evaluation ap-
proaches that directly measure the preservation of social meaning) by
proposing an evaluation framework grounded in perceptual judgments
of social signal communication. Specifically, we compared three dis-
tinct motion-tracking solutions: (1) HMD1, which uses the headset to
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track the head pose and HMD cameras for hand and finger tracking,
from which upper-body poses are reconstructed, with lower-body poses
reconstructed at limited fidelity; (2) HMD2, an enhanced approach that
leverages additional onboard camera streams to substantially improve
upper-body pose accuracy relative to HMD1, resulting in an improved
but still limited lower-body reconstruction; and (3) MoCap, a high-
quality marker-based optical motion capture system that serves as a
ground-truth baseline. Both HMD systems are commercially released
solutions, highlighting the practical relevance of our analysis.

To support this comparison, we captured a comprehensive set of
socially expressive motions performed by professional actors. Motions
were organized into: (1) Signal scales, bipolar dimensions designed
to convey specific social states (e.g., Energetic—Tired); (2) Posture
scales, arm posture and posture range; and (3) Emotion scales. We
identified body components critical for conveying social signals (e.g.,
posture, arms, fingers, shoulders, and head), and designed the scales to
ensure that fidelity across all upper-body regions would be exercised
by the motion set. All motions were recorded simultaneously with both
HMD streams and the optical motion capture system, allowing direct
comparison of tracking fidelity and social signal preservation.

We conducted a perceptual evaluation study in VR in which partici-
pants viewed avatar animations generated from each tracking solution.
Conducting the study in VR allows participants to perceive motions
under a spatially immersive environment, where depth cues, scale, and
co-presence are naturally supported. These factors influence motion
perception and social interpretation, and are limited in 2D displays. Par-
ticipants rated (a) the perceived accuracy with which social signals were
communicated and (b) overall naturalness of the motion. These ratings
jointly assess the fidelity of each tracking system and its effectiveness
at preserving and communicating realistic social interaction. Through
the first of these criteria, we explore an encoding-decoding approach to
evaluation, in which motion is viewed as encoding a particular signal
and success is judged based on whether that signal can be successfully
decoded by observers.

We situate our study within a broader agenda: in animation settings
where social communication is paramount, visual fidelity alone is in-
sufficient. With the rapid adoption of generative artificial intelligence
(GenAl) for motion synthesis, it will become increasingly important to
develop evaluation approaches that assess whether subtle, user-intended
social signals are preserved. Rather than evaluating GenAl synthetic
motions directly, our work takes a first step toward this broader chal-
lenge by focusing on evaluating whether current HMD-based tracking
reconstructions can preserve socially meaningful motion. To this end,
we formulated the following research questions:

¢« RQ1: Do HMD1 and HMD?2 accurately convey the social in-
formation contained in the motion, relative to MoCap as ground
truth?

¢ RQ2: Are HMDI1 and HMD?2 natural, relative to MoCap as
ground truth?

¢ RQ3: Do Social Signal and Naturalness ratings provide similar
guidance on tracking performance?

¢ RQ4: Do the developed scales provide insight into the motion re-
construction algorithms when HMD1 and HMD2 produce weaker
ratings, relative to MoCap as ground truth?

In summary, this paper makes the following three key contributions,
which provide a generalizable framework for assessing whether mo-
tion retains its communicative intent in virtual environments: (1) an
evaluation of a critical motion-tracking application, demonstrating that
limitations in tracking reconstruction quality can impede the perception
of social signals; (2) a perceptually grounded testing methodology that
focuses on how well social meaning is preserved in motion; and (3) a
curated dataset and benchmark to support future research into socially
expressive motion, enabling direct comparisons across future tracking,
reconstruction, and synthesis approaches.

2 RELATED WORK
2.1

There has been a long history of motion evaluation in animation [16,
19, 20, 41], with a recent survey offered by Rekik et al. [42]. One
area that is closely aligned with the social applications targeted here
is gesture synthesis evaluation. A review of the field by Wolfert et
al. [59] found that most studies are within-group and use subjective
evaluations; however, no systematic approach has been adopted for
these studies. Quantitative measures included gesture speed, trajectory,
jerk, and the Frechet Gesture Distance (FGD). Qualitative measures
included perceived naturalness, appropriateness of gesture timing, and
the Godspeed questionnaire [3], which quantifies the human likeness,
animacy, likability, and perceived intelligence, as well as the impact of
gesture on recall and comprehension. They argue for including a ground
truth condition. The GENEA Challenge, part of the GENEA Initiative, !
is a notable effort to standardize the evaluation of gesture synthesis
systems [28,29]. It provides researchers with a common dataset, model,
and testing environment, and then conducts crowdsourced evaluations
of the output they produce, assessing the human-likeness (i.e., natural-
ness) and appropriateness of the gesture for the speech.

Motion Evaluation

2.2 Automatic and Subjective Evaluations

It would be desirable to have a quantitative measure of motion quality,
as this would enable automatic evaluation, where motion quality can be
assessed algorithmically without relying on human raters, facilitating
system comparison, and potential integration into learning frameworks.
Unfortunately, no quantitative measures are currently well justified
in this area. Voas et al. [52] argued that existing evaluation metrics
for assessing the accuracy of skeleton-based human motion, generated
from natural language descriptions, exhibit low correlation with human
judgments at the sample level, although some metrics perform better
when averaged across models. Kucherenko [29] found that none of
the metrics, including average jerk, average acceleration, distance be-
tween gesture speed (i.e., absolute velocity) histograms, or Canonical
Correlational Analysis (CCA), provided a ranking of gesture synthe-
sis algorithms that significantly correlated with human ratings. The
Frechet Inception Distance (FID) was introduced for image synthesis
using generative adversarial networks (GANs) [18]. It compares the
distribution of synthesized output against the ground truth. For the
gesture-related measure, the FGD was introduced by Yoon et al. [62].
Analysis of the 2022 GENEA Challenge found positive evidence for
the FGD [29]. However, Tseng et al. [51] did not find that FID models
were reliable for dance, and Voas et al. [52] also found that FID did not
perform well on naturalness. Specifically, Voas et al. [52] developed a
machine learning (ML) algorithm called MoBERT, which was trained
to perform evaluations based on user ratings of motion naturalness and
faithfulness. To our knowledge, automatic evaluation of social signals
has not been adequately demonstrated.

Prior work has also explored the design of subjective evaluations.
Ferstl et al. [13] compared several different rating scales for subjective
evaluation and provided evidence that Naturalness can separate condi-
tions well. Other works have explored different stimulus presentation
approaches, including paired simultaneous, sequential, and parallel
presentation of many examples [23,58]. Behavioral measures, like
gaze and electroencephalography (EEG), have also been explored [48].
Other work compared free text entry to rating scales [30]. Other issues
of presentation, such as viewing perspective [26,49] and lighting [56]
have been examined. People may be less sensitive to motion errors if
they are engaged in a task with the character [13]. Many works have
focused on error detection [13, 19,40, 50] in animation data. Recent
work has explored errors caused by mismatches between the motion
and character model [22, 24,25, 38, 60]. Other work has compared
different model representations, such as differences in gender and eth-
nicity [21], realistic and cartoony talking heads [27], realistic figures
versus robots [14], or full-body versus head and hands representa-
tions [17]. Other works have focused on specific tasks in VR, such as
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avatar-object interaction [6] or manipulation with different inverse kine-
matics (IK) algorithms [12,63]. Some works have provided evidence
that people interpret motion errors as shifts in personality [13, 38].

2.3 Motion Evaluations in VR

For VR applications, a sense of embodiment in the self-avatar is impor-
tant and has been extensively studied [11,50,54]. In this work, we focus
instead on understanding the social signal presented by a third-person
avatar. A closely related study by Adkins et al. [2] examined how finger
motion affects comprehension during a charades game. They found that
while the presence of hand motion was important for understanding,
motion inaccuracies did not significantly impair comprehension. How-
ever, jittery hand movements led to discomfort. Despite a broad body of
research on how character motion shapes perception, few studies have
examined whether social signals, such as personality [36,37,46,57]
and emotion [7, 8], are accurately preserved.

Rekik et al. [42] listed nine different terms that have been used
as general measures of virtual human animation quality, including
“realism", “believability", “naturalness”, and “human-likeness". We in-
cluded Naturalness as one measure in our experiment, but found that it
does not adequately capture the issues in motion tracking. Our primary
approach, instead, is to focus on social signals that fully engage the
upper body, encode these signals carefully, and test whether users can
decode them. Some previous work has focused on measuring motion
features, which are more aligned with our approach. For example,
Wallraven et al. [53] evaluate the intensity and sincerity of facial expres-
sions, while Zibrek et al. [64] consider qualities such as the character’s
perceived empathy when evaluating avatar appearance.

Based on prior research and developed evaluation metrics, we de-
signed our study focusing on evaluating social signal accuracy and
perceived naturalness for motions that fully engage the upper body in
social settings. Our study addresses the current research gap and pro-
vides insight into the evaluation of HMD-based motion reconstruction
methods.

3 MATERIALS AND METHODS
3.1 Participants

In total, 62 people between the ages of 18 and 65 participated in the
study, with a mean age of 36.6 (SD = 11.2). They were recruited from
the local community and compensated for their time. Recruitment
criteria included proficiency in written and spoken English, not being
prone to motion sickness, having no vision-related impairments that
would interfere with the VR experience, and the ability to stand for
extended periods of time. Thirty-four were female, and 28 were male.
In terms of racial background, 23 identified as White/Caucasian, 20
as Asian/Asian American, seven as Black/African/African American,
one as Latin/Hispanic, one as Pacific Islander/Native Hawaiian, one
as American Indian/Alaska Native, six were mixed race (i.e., four
Asian/Caucasian, one African/Caucasian, and one White/Hispanic) and
three selected “Other.” In terms of education, 34 had a four-year college
degree (e.g., B.A., B.S.), 11 had a Master’s (i.e., M.A., M.S.), PhD,
or JD, nine had a two-year college degree (i.e., A.A.), six had some
college education, one had a high school diploma, and one had some
high school or less education. Most had some experience with VR, with
three reporting that they “Have my own VR Hardware,” 32 selecting
they used VR “Some times (1-3 times),” 18 selecting “Several times
(4+ times),” and nine selecting “No prior experience.”

3.2 Stimuli Preparation

To test whether social signals are accurately maintained by tracking
reconstructions, it is necessary to record motions that contain clear
social signals. Such signals are a constant part of everyday communica-
tion, so one approach to collecting stimuli is to simply record people in
interaction. This approach has strengths in terms of ecological validity;
however, it is challenging to capture motion that encompasses a wide
range of social signals, occurs at varying intensities, and incorporates
different aspects of movement when recording spontaneous interactions.
Instead, we take a more intentional approach to stimulus collection, as
we discuss in this section.

3.2.1

We defined a set of motion scales. These vary a particular social signal
and are performed at different levels between two poles. For example,
one scale was from Tired to Energetic. The chosen scales were selected
for two reasons. First, they needed to contain an important signal
that supports social interaction. Second, we sought a collection of
motions that utilized different parts of the body to thoroughly test the
reconstruction algorithms and identify where they fail. We sought
motions that relied on posture, shoulder motion, head motion, arm
motion, and motion of the character root. A large set of scales was
first brainstormed and analyzed to see which portions of the body
they exercised. A final group of motions was selected to cover the
entire body. This analysis was primarily based on the performing arts
literature [35]. For example, it has been reported that the distance the
elbow is held from the torso affects the impression of dominance [44],
which led to the development of our Arm Posture scale. For each
scale, we recorded several takes at each of the designed levels. In
the Energetic to Tired scale, we recorded Very Tired, Tired, Neutral,
Energetic, and Very Energetic levels. This allows us to explore both
strong and subtle motions. In addition, since emotion plays a central
role in how motion is perceived and interpreted socially, we added
the emotion scale. Five emotions were presented using two intensity
levels (e.g., Happy and Very Happy), rather than opposing poles with
multiple levels, since bipolar representations can be ambiguous and
may overlap with other emotions (e.g., the opposite pole of happy could
be interpreted as sad). Table 1 lists all the scales used in the final study,
along with the level count and the directions given to the actors. The
goal in determining the scales was not to be comprehensive, as that is
not practically feasible, but to select a reasonable sample. Our final set
included six signal scales, two posture scales, and five emotion scales.

Defining Motion Scales

Table 1: The final set of six signal scales, two posture scales, and a
sampling of five emotions, along with the corresponding levels count,
and prompts given to the actors.

Signal Scale (Levels) Prompt

Attracted — Repulsed (5) Picture an object in front of you that
is either appealing or repulsive.
Greet another person.

Ask for an explanation.

Listen to another.

Plan to get a cup of coffee.

React to a present offer.

Dominant — Shy (5)

Relaxed — Nervous (5)
Interested — Disinterested (5)
Energetic — Tired (5)
Positive — Negative (5)

Posture Scale (Levels) Prompt

Arm Posture (5) Posture variations involving arm
swivel angle (e.g., bring elbow in to-
wards torso or out away from torso).
Posture variations with the flexion of
spine and collarbones in the sagittal
plane, from collapsed to an overly

erect posture.

Posture Range (7)

Emotion Scale (Levels) Prompt

Perform the emotion at two differ-
ent intensities.

Happiness (2)
Anger (2)
Sadness (2)
Surprise (2)
Fear (2)

3.2.2 Stimuli Recording

We hired trained actors to perform these scales in order to obtain
high-quality encodings of the desired social signals. The actors were
instructed to make the extreme levels, such as Very Attracted or Very
Surprised, still believable for daily life, not cartoonish. The actors were
generally given a line of text, simple prompts, and instructed to perform
at a particular level. Further direction was given as necessary until



satisfactory performances were obtained. We completed recordings
with five actors: three females aged 34, 57, and 60, and two males aged
21 and 62. All actors have extensive professional acting experience,
most well over a decade. Actors were selected based on submitted
audition videos and chosen for their demonstrated ability to perform
well-embodied motions.

3.2.3 Apparatus

All recordings were performed on an 8’ x 14’ motion capture stage.
Actors wore snug Lycra motion capture suits to facilitate the attachment
of motion capture markers to their bodies. They were recorded using
an optical marker-based motion capture system, which captured both
bodies and hands. The system consisted of 40 Optitrack cameras,
19 Prime* 41 cameras, and 21 Prime* 22 cameras, operated through
Motive 3.0.3 software. Actors wore 57 body markers, following the
Optitrack motion capture marker configuration. For hand tracking, 38
finger markers, 19 per hand, were used, based on Han et al.’s [15]
marker-based hand tracking system. Motions were captured at 120
fps. Audio was recorded with Lavalier microphones, but was not used,
as auditory cues could make social intentions easier to identify even
when motion reconstruction is imperfect. This high-quality motion
capture provided the top-line motion quality for comparison in the
study, serving as a reasonable approximation to ground truth.

Actors also wore Meta Quest 3 HMD, which allowed simultaneous
capture of optical motion capture and headset-based tracking. Headset-
based tracking recorded motion VRS files [34], which consist of time-
stamped sensor data that were later processed for motion reconstruction.

3.2.4 Stimuli Processing

The motion capture and HMD recordings were processed separately to
obtain skeleton-based motion reconstructions. A skeleton was fitted to
the marker positions provided by the motion capture system using the
Momentum library [32]. This yields at each frame a pose consisting of
the position and orientation of the root, along with the orientation of
all remaining joints. Some light cleanup was performed in Autodesk
Maya 2024 on the motion capture data to remove artifacts resulting
from the solver falling into different local minima, which introduced
small jerks in the motion.

Two different tracking sequences, HMD1 and HMD?2, were solved
from the same HMD recorded VRS files. HMD1 is the baseline full-
body reconstruction provided by Meta’s Movement SDK body tracking
feature [31]. HMD?2 is a full-body reconstruction that includes a higher
fidelity mode and IK adjustments. The higher fidelity mode, Inside-Out
Body Tracking (IOBT), supports additional body tracking features such
as more accurate elbow positions and spine postures [33]. We compared
the newer HMD?2 tracking solution to the older HMD1 and our MoCap,
which serves as our baseline in this study. All motion clips were saved
at 24 fps for the online selection study and interpolated to 72 Hz in
Unity for the VR study application to match the HMD refresh rate. Any
smoothing introduced by this interpolation is a very minor source of
error compared with the differences in the three tracking conditions.

3.2.5 Stimuli Selection

Evaluating a large set of motions with multiple clips at each scale
level would provide a comprehensive coverage of the space of social
message expressions. For instance, a Disinterested scale could be
conveyed through head turns or backward torso movement. In addition,
such variations strongly rely on both the actors’ internal states and their
environments. Different choices of encoding by the actors may result
in a similar level of social signal intensity in the viewers. However,
creating a benchmark dataset that fully samples the entire space is
impractical and would contain so many clips as to be onerous for other
researchers to use to test their algorithms. Thus, we opt for a single
motion at each scale point, leading us to conduct a video stimulus
selection study. While this pragmatic design choice precludes our
ability to say whether a motion reconstruction algorithm can maintain a
social signal in general, it can still provide evidence of where a motion
reconstruction algorithm fails. Given the rate of failure of the two state-
of-the-art HMD methods we tested in this paper, it is clear that even

this limited benchmark will be of value in evaluating reconstruction
algorithms for the foreseeable future.

‘We combined all recorded clips from the five actors and only ex-
cluded clips that were outtakes during capture sessions or exhibited
poor quality motion reconstruction. Poor quality occurred for clips
with finger-solve issues or mesh intersections that required excessive
cleanup. For each designed scale, we created videos of all the good-
quality clips and presented them separately to 30 participants for each
scale in an online study conducted through Amazon Mechanical Turk
(MTurk). People saw each video once and were asked to rate it on a 7-
point Likert scale with labels based on the particular social signal (e.g.,
ranging from Very Tired to Very Energetic in our running example).

Online participants also rated the naturalness of the clip. Naturalness
ratings were used as a filter to remove any highly unnatural clips,
dropping those that had a rating of less than four out of seven. The
remaining clips were ranked based on their average rating on the scale
modality (e.g., Energetic vs. Tired). We then picked the clips that best
spanned the ratings range and were evenly spaced. We picked five
clips from each of the signal scales and the arm posture scale, seven
from the posture range scale, and two from each of the emotion scales,
resulting in a total of 52 clips. This ensured that we had the desired
mix of more extreme and moderate stimuli. It also took the selection
task out of the hands of the experimenters, avoiding any unintended
bias. Note that we did not use the actors’ original intention in making
these selections. They generally aligned, but there were cases when,
say, an actor’s attempt to be Very Nervous was selected as the clip to
use for Nervous based on the ratings. For evaluation purposes, we are
interested in whether clips can be consistently decoded by observers
across tracking reconstruction algorithms, not any actor’s ability to
encode a particular property, so this approach is justified.

3.3 Procedure

Participants attended a single one-hour VR session during which they
rated an animated avatar performing 156 distinct motions. The experi-
ence was developed in Unity version 2022.3.39f1. Participants wore
Meta Quest 3 HMDs, which features a 2064 x 2208 resolution per eye, a
Snapdragon XR2 Gen 2 processor, and 8GB of RAM. At the beginning
of the experience, participants were told to stand above a marker on
the virtual floor and remain there throughout to ensure everyone had a
common viewpoint. After this, they provided demographic information
through an input panel in the experience. The overall purpose of the ex-
periment was explained, and then the participants completed a tutorial.
The tutorial explained the survey questions, how they were completed
using a laser pointer associated with an input controller, and showed a
test motion followed by an example rating question for practice.

Fig. 2: Participants were immersed in a VR environment to view and
provide ratings on the motion stimuli.

During the main experiment, each of the motion scales (see Table 1)
was presented in random order. The signal and arm posture range scales
consisted of five motions per scale, the posture range scales consisted



of seven, and the emotion scales consisted of two per emotion. All
motions had been generated at all three quality conditions (i.e., MoCap,
HMD1, and HMD?2), so participants saw 52 motions (i.e., 30 for signal
scales, 12 for posture scales, and 10 for emotion) at three conditions, for
a total of 156 motion clips. Clip order was balanced. Participants could
click on a “play” button when they were ready to view the clip. The
animation was shown on the avatar displayed in Fig. 1, and participants
could play it only once. After viewing the clip, participants completed
survey questions about the motion. In most cases, they were first asked
to rate the motion on its particular scale (e.g. Energetic to Tired) using
a 7-point Likert scale with equally spaced, labeled options (e.g. Very
Tired, Tired, Somewhat Tired, Neither Tired nor Energetic, Somewhat
Energetic, Energetic, and Very Energetic). These were scored from
1 to 7 for analysis. This was followed by the Naturalness rating (i.e.,
“A motion is natural if it appears like the motion of a real person in
this situation. Specifically, you will answer the question: How natural
would you rate the motion of the person shown in the video?”’), which
they could also rate on a 7-point Likert scale.

Fig. 3: Example of a motion stimulus that was displayed in VR. Partici-
pants provided ratings on the motion scale and naturalness through a
VR survey after viewing each stimulus clip.

The Emotions scale was a bit different. Participants were first asked
to categorize the emotion displayed in the clip (i.e., Happiness, Anger,
Sadness, Surprise, or Fear) and then asked to rate their Confidence in
this selection and the clip’s Intensity, before rating the Naturalness as
with other scales. Each emotion had a more and less intense example.

At the start of each block, participants were given a brief description
of the context in which the motion occurred and a preview of the
questions they would be asked about the motion. The standard scale
question was “Based on the motion, how do you think the person in
the clip feels?,” followed by a list of Likert labels corresponding to
the scale. The provided information is summarized Table 1 in the
supplement documentation.

Participants were required to take two-minute breaks after every four
scales (i.e., two breaks total). They were invited to sit down during the
breaks. The study was approved by the local ethics board.

4 RESULTS
4.1 Analysis Framework

For each of the signal scales and posture scales, participants rated the
motion on the scale quality and the motion’s naturalness. These can
be plotted, as shown in Fig. 4 and Fig. 5. For emotion scales, we
plotted the rate of correct identifications, Confidence, Intensity, and
Naturalness in Fig. 6.

Our core assumption is that for a tracking method to be successful,
it must accurately deliver the message contained in the user’s motion,
as represented by the motion capture top-line. We therefore considered
cases where an HMD tracking result is perceived significantly differ-
ently from motion capture as indications of tracking failure. Scales
have two factors: the signal (e.g., Tired to Energetic) and the tracking
conditions (i.e., MoCap, HMD1, and HMD?2). A traditional two-factor
statistical analysis, such as a two-factor ANOVA, would check for
variation in each of these factors and then look for significant interac-
tions. However, variance along the scale is designed into the stimuli, so
finding it in the results is not informative. We therefore performed our
analysis separately at each level of the scale (e.g., we compared HMD1
and HMD?2 with MoCap for Very Disinterested). This is implemented
using Cumulative Link Models [9, 10], a more conservative option that

treats the Likert data as ordinal. We used the implementation in the
ordinal package in R. For the emotion identification ratings, we com-
pared whether the user was correct or not, so the data is binomial (i.e.,
0 or 1). For this one case, we use a generalized linear mixed effects
model with a binomial distribution [4]. Post-hoc effects are tested for
by doing pairwise comparisons with expected means using emmeans in
R. Given that we are making multiple comparisons, we need to control
for Type I error (i.e., false positives) and do this using False Discovery
Rate (FDR) [5]. Bonferroni is a more conservative option, but this
choice had minimal impact on the results.

Based on this statistical analysis, we computed two straightforward
scores to measure the overall performance of a reconstruction algorithm.
The first is the count of the number of times an algorithm produced
results statistically different from motion capture; the lower the better,
with zero (0) being “perfect” performance. This case count shows how
often an algorithm “failed,” but it does not measure the size of the
failure, which is also relevant. To deepen the analysis, we computed
the sum of the effect size for all cases where differences are significant,
which indicates how large the difference is between the distribution
of responses for the HMD and MoCap conditions. We used Cohen’s
d as our measure of effect size, which is defined as the difference in
distribution means, divided by the overall standard deviation. This
provides two scores for the conditions: one captures the number of
failure cases, and the other captures the size of the failures.

4.2 Quantitative Results

Table 2 summarizes the scores on each scale. On the count metric,
among all 52 motion clips, social signal was perceived significantly
differently in 28 cases (i.e., 53.8%) for HMDI and 21 cases (i.e.,
40.4%) for HMD2. The overall effect size score (i.e., sum of Cohen’s
d [dr]) is 25.98 for HMD1 and 16.63 for HMD2. For both algorithms,
we observed poorer performance compared to motion capture, with
significant differences in at least 40% of the cases. Both scores are
much better for HMD?2. Table 2 also includes the mean effect size for
all significant differences. A traditional interpretation of Cohen’s d is
that a small effect is .20, a medium effect is .50, and a large effect is
.80. For HMD1, six scales exceed the large threshold, and three fall
between medium and large. For HMD?2, three scales exceed the large
threshold, and six fall between medium and large. This again suggests
that HMD2 performs more closely to motion capture, although both
have significant deviations from this gold standard.

It was postulated that the more moderate motion changes might be
more difficult for tracking reconstructions to capture than the more
extreme ones. There does not appear to be evidence of that in this
dataset. Considering the signal scales, the total number of times that
HMD1 or HMD2 was worse than the motion capture at the “very” level
(i.e., Very Positive or Very Negative) is 14, with a d7 = 11.91. For the
more moderate cases, one in from the extreme, the count was 11, with
a dr = 8.41. Performance is somewhat worse for the extreme motions.
Interestingly, the positive extreme count (i.e., the right end of the charts)
was 9 with a dr = 8.37, whereas the negative extreme count was 5 with
a dr = 3.54. This suggests tracking was inferior at the extreme right
end of the scales.

The right of Table 2 summarizes the results for Naturalness ratings.
While for Naturalness, it would be reasonable to perform a two-factor
analysis, we elected to use the same analysis as with the scale ratings
to allow direct comparison. For Naturalness, higher scores are always
better, and the HMD scores were compared against motion capture. For
HMD1, the number of clips rated worse than motion capture was 41
(78.8%) with a dr = 54.93. Interestingly, 6 HMD1 clips were rated
more natural than motion capture with a dr = 3.41. HMD2 clips were
never rated more natural than MoCap. The count score for HMD2
is 49 (i.e., worse in 94.2% of cases) with a dr = 56.06. Both HMD
reconstructions perform poorly in terms of Naturalness, falling below
motion capture in at least 75% of cases. In all significant negative cases,
the mean effect size is well above the threshold for a large effect size,
indicating a marked drop in Naturalness.

Comparing HMD1 and HMD2, HMD1 seems to fare somewhat
better. The d sums are virtually identical (i.e., 54.93 vs. 56.06), but
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Table 2: Summary of Social Signal and Naturalness ratings in comparison of HMD1 and HMD2 with MoCap. HMD1 and HMD?2 diff refer to stimuli
counts that are rated significantly different than MoCap. HMD1 and HMD2 worse/better, refer to stimuli counts rated significantly worse/better in the
Naturalness rating than MoCap. No HMD2 stimuli were rated significantly more natural than MoCap. Cohen'’s d is used as a measure of effect size.
dr denotes the total and dj, the mean values.

| | Social Signal Ratings | Naturalness Ratings

Category #Clips | HMDI dr dy  HMD2 dr dy HMD1 dr dy  HMDI dr dy  HMD2 dr dy

diff diff worse better worse
Attracted vs. Repulsed 5 1 .68 .68 1 .68 68 | 5 743 149 0 0 5 589 118
Dominant vs. Shy 5 5 3.31 66 2 1.17 58 | 4 482 121 0 0 5 636  1.27
Energetic vs. Tired 5 1 93 93 1 .58 58 |5 7.38 148 0 0 5 7.98 1.60
Interested vs. Disinterested 5 4 2.84 1 3 1.93 .64 5 4.80 9 0 0 5 7.09 1.42
Positive vs. Negative 5 3 416 139 1 51 S1 4 5.64 141 0 0 5 4.48 .90
Relaxed vs. Nervous 5 4 341 85 4 5.12 128 | 4 3.93 98 0 0 5 5.60 1.12
Arm Posture 5 3 3.62 .21 2 1.56 18 1 235 235 3 237 79 4 3.74 93
Posture Range 7 3 2.87 9 3 334 111 3 4.94 1.65 2 105 52 6 5.50 92
Happiness 2 1 1.84 1.84 1 203 203 | 2 2.76 1382 0 0 1 126 1.26
Anger 2 1 48 48 0 0 2 320 1.60 O 0 2 2.01 1.01
Sadness 2 1 61 .61 1 51 51 2 360 180 O 0 2 2.97 1.49
Surprise 2 0 0 2 1.28 64 | 2 1.23 62 0 0 2 1.48 74
Fear 2 1 97 97 0 0 2 2.85 143 0 0 2 1.70 .85
Totals 52 28 25.72 93 21 18.70 79 | 41 54.93 143 5 341 66 49 56.06 1.15
Percent with Error 53.85 40.38 78.85 9.62 94.23

this does not account for instances where HMD1 was rated better than  participants’ confidence in their answers and the second to rate the

motion capture. HMD1 was worse than motion capture fewer times intensity of the motion. Both of these were lower for the HMD re-

(i.e., 41 vs. 49). Directly comparing the two, HMD1 was significantly  constructions. Fitting a cumulative link model, the intended emotion

better than HMD?2 in 17 cases (dr = 15.51), and HMD2 was better in ~ (x2[9] = 617.6, p < .0001), reconstruction algorithm (y2[2] = 225.7,

11 (dr =9.76). p < .0001), and interaction of these factors (¥>[18] = 89.7, p < .0001)
The Emotion survey included two additional questions: one to rate



were all significant. Participants were less confident in HMD1 than mo-
tion capture for: Very Happy, Happy, Very Angry, Sad, Very Surprised,
Surprised, Very Fearful, and Fearful. Participants were less confident in
HMD?2 than motion capture for: Very Happy, Very Sad, Surprised, and
Very Surprised. In addition, participants were less confident in HMD1
than in HMD2 for: Very Happy, Very Angry, Sad, Very Fearful, and
Fearful, however, HMD?2 was never significantly worse than HMD1.

Similarly, for Intensity rating, fitting a cumulative link model shows
a significant main effect for the intended emotion (y2[9] = 933.7,
p < .0001), reconstruction algorithm (x2[2] =162.9, p < .0001), and
their interaction (y>[18] = 84.5, p < .0001). HMD1 was perceived as
less intense than motion capture for: Very Happy, Very Angry, Sad,
Surprised, Very Surprised, Very Fearful, and Fearful. HMD?2 was never
perceived as significantly less intense than motion capture. HMD1 was
perceived as significantly less intense than HMD?2 for Very Angry, Sad,
Very Surprised, Surprised, and Fearful.

Overall, there is evidence that the HMD conditions often led to lower
confidence and less perceived emotional intensity. In both cases, HMD1
performed worse than HMD?2.

4.3 Qualitative Results

We conducted qualitative analysis by reviewing the corresponding
stimuli when there were significant differences in the ratings. Because
we matched stimuli across the three motion conditions, with camera
footage of each motion capture session, we can examine the clips and
make reasonable postulates about which feature change in the motion is
leading to a change in the particular Social Signal or Naturalness ratings.
Two of our researchers listed out their observations and discussed
till reaching a mutual agreement on plausible reasons behind each
significantly different rating. Qualitative observations are discussed
below.

Social signals in HMD1 and HMD2 were degraded due to three
classes of errors: arm tracking, posture reconstruction, and floating.
Please see the accompanying video for examples. Several forms of arm
errors were observed. Gestures at the character’s side or below the waist
were frequently not captured. The arm swivel angle, which controls the
distance between the elbows and the character’s side, was not accurate,
resulting in incorrect pose readings when showing dominance. Shoulder
errors also occurred. If the hands were too close to the body, they were
not tracked well. This impacted a self-hug in a sad motion. There were
pops in the arm motions for HMD1 and sometimes jerkiness in the
arm motion for HMD?2. This made the character read as less relaxed.
Finally, the actor expressed surprise with subtle torso arousal and one
arm raised in front of the chest. HMD1 missed the arm posture but
showed sudden torso movements, while HMD2 captured the arm with
slight positional errors, making the expression seem more like anger
than surprise, resulting in a better Social Signal rating in HMD1 than
HMD2.

Posture errors occurred in the sagittal and coronal planes, as well
as in the lower body. Failure to accurately reconstruct sagittal posture
adjustments resulted in the Limp posture and the Very Tired clip not
being read clearly. High-frequency coronal sway in the shoulder and
spine was the basis of the Happy motion, and neither HMD algorithm
could track it, causing the Happy stimulus on the emotion scale to be
scored much lower in social signal correctness for both HMD1 and
HMD?2 compared to MoCap. A hip tilt and turn out of a leg was
often used to adopt a more casual pose, and HMD tracking could not
reconstruct this.

A final source of error stems from floating and overall body stance,
an area where HMD1 performs more poorly than HMD?2, although
it is an issue for both. In the Interested clip, HMD]1 reads a forward
lean as a forward translation, reducing the sense of interest. It treats a
headshake in the Disinterested clip as a rotation of the body, resulting
in the negation of the headshake no longer reading, and the clip being
rated as more interesting than the original motion capture.

5 DISCUSSION

This section discusses how Social Signal and Naturalness ratings jointly
characterize differences between HMD1, HMD2, and MoCap. We show

that HMD?2 preserved social meaning more accurately while both HMD
methods were frequently rated less natural than MoCap, and we relate
these outcomes to recurrent failure modes (e.g., arm swivel/shoulder
errors, posture reconstruction issues, and floating/stance artifacts) with
implications for evaluation and tracking design.

¢ RQ1: Results showed that HMD?2 conveyed social information
better than HMD1, relative to MoCap as ground truth.

HMD2 scores better (i.e., lower) on both the significantly differ-
ent stimuli count and total effect size. Across all developed scales,
HMD?2 had a lower or equal count of significant differences compared
to HMD1, except Surprise in the emotion scale. Cases where HMD2
performed better than HMD1 included Dominant vs. Shy, Interested
vs. Disinterested, Positive vs. Negative, Arm Posture, Anger, and Fear.
HMD?2 also performed better on the Intensity and Confidence ratings
in the emotion scale than HMDI. This is consistent with our expecta-
tions, given that HMD2 with IOBT utilizes more input from the headset
cameras that can capture more nuances in the body movement. This
result aligns with the work of Castillo and Neff [7], who emphasize
that subtle differences in hand shape and motion intensity shift the per-
ceived valence of a motion. Relying on 3pt tracking, HMD1 frequently
exhibited lower intensity and less accurate arm and shoulder positions
compared to HMD2, which led to a more significant shift in delivering
the correct encoded social signals.

* RQ2: Results showed that both HMD1 and HMD2 were rated
less natural than MoCap, with HMD1 showing higher ratings in
naturalness than HMD?2.

The Naturalness ratings did not show stronger performance for
HMD2. HMD1 outperforms on the count metric (i.e., 41 to 49), and
the total effect sizes are nearly identical (see Table 2). HMD1 was
even rated as more natural than MoCap for three motions in the Arm
Posture and two in the Posture Range scale. In direct comparisons,
HMD1 was often rated as more natural than HMD?2 (i.e., 17 to 11).
Specifically, in Dominant vs. Shy, Interested vs. Disinterested, Relaxed
vs. Nervous, Arm Posture, and Posture Range scales. HMD?2 only
outperformed HMDI1 in the Positive vs. Negative scale, see Table 2
in the supplemental documentation. While Naturalness ratings did
reflect the overall drop in quality of HMD-based tracking compared
to MoCap, participants’ ratings between HMD1 and HMD2 showed
informative distinctions that highlighted specific differences in tracking
fidelity of the two motion reconstruction algorithms. HMD1 performed
well on naturalness at times because it missed parts of the real motion
that were out of view and ended up generating very little motion and
a relatively natural resting pose. This was observed in all the cases
where it outscored motion capture. The pattern of jerkiness also varied,
with less frequent but larger jerks occurring with HMD1 and more
constant jerkiness occurring in some motions with HMD?2. This finding
echoed Ferstl et al.’s [13] where they evaluated perceived naturalness
on HMD-based motion errors resulting from hand-tracking loss and
found that sudden pops and lack of smoothness were noticeable to ob-
servers, lowering the Naturalness rating. Moreover, some participants
commented that they based their ratings on whether the movements
were smooth and whether they felt that the motions were realistic re-
actions that a person would have. The latter aligns with Ren et al.’s
work on investigating synthetic motion naturalness, where they stated
that “motions that we have seen repeatedly are judged natural, whereas
motions that happen very rarely are not” [43]. This suggests that Nat-
uralness ratings might represent a conflation of (1) whether the motion
is showing less jerkiness and resembling human natural movement, and
(2) whether the motion is something commonly done in social settings.

¢ RQ3: Results implied that HMD?2 has better Social Signal ratings
than HMD1, while HMDI1 has better Naturalness ratings than
HMD2.

The divergence of Social Signal ratings and Naturalness ratings
we observed in the study suggests that perceived social signals and
naturalness are two separable constructs, and both can provide valuable
insight for motion evaluation. Different motion reconstruction solutions



might encounter varying strengths and weaknesses depending on the
input tracking data, algorithms, and social cues presented. Our results
showed that although HMD?2 (i.e., IOBT) performed better in conveying
social signals, it was rated less natural compared to HMD1 due to the
introduced jerkiness from additional body-tracking inputs. In contrast,
HMDI1 lost certain gestures and body movements, resulting in smoother
and more natural motion, but was not able to deliver social signals
accurately. In summary, motions that are less natural might still provide
higher correctness in social cues. Meanwhile, motions that are more
natural do not guarantee accurate social signals. Understanding the
reasons behind such ratings requires qualitative investigations on the
generated clips. Similar to the proposed evaluation metrics in the
GENEA challenge by Kucherenko et al. [28,29], which was adopted
in further evaluation studies [1,55], we should separate evaluation on
human-likeness (i.e., naturalness) and communication appropriateness
to better understand the pros and cons of each tracking reconstruction
method. This is especially important as we move to GenAl systems
for synthetic motions. These systems will be increasingly capable of
creating natural motion, but if we do not also measure the content being
delivered, they may not lead to the authentic communication desired.

* RQ4: With both quantitative and qualitative analysis, we were
able to identify why HMD1 and HMD2 produce weaker ratings
on particular social signal scales.

Our study design facilitated qualitative analysis of the motion stim-
uli, looking into why HMD1 or HMD?2 failed on certain scales. If
a stimulus’s Social Signal rating fails on a particular scale, such as
Happy or Surprise, we can easily perform a qualitative evaluation of the
stimulus and postulate what might be the issue causing the inaccurate
rating. Results showed that three main errors: arm tracking, posture
reconstruction, and floating were the most prominent causes in the
degradation of Social Signal ratings. The same applies when a stimulus
fails on the Naturalness ratings. For instance, we concluded that HMD1
performed more naturally than HMD2, and even more than MoCap, in
the posture scale simply because it damped certain motions and made
the whole stimulus smoother. However, since Naturalness ratings might
be affected by both motion quality and commonality, as mentioned in
RQ2, it could be more challenging to justify in certain clips. Overall,
the design of our evaluation scales with collected ratings and qualita-
tive observations helps inform the design of the motion reconstruction
algorithms, identify their deficiencies, and better adapt to motions seen
in social settings.

6 LIMITATIONS

While our study has certain limitations that should be acknowledged,
these do not undermine the validity of our results. Instead, they point to
areas for improvement in future research. First, although our designed
scales aimed to cover the majority of social motions, emblems and
gestures were not part of our design focus. Emblem reconstruction
strongly relies on HMD hand tracking quality, and our study aimed
to focus more on HMD body tracking. However, the accuracy of
social signals with emblems is also essential in evaluating HMD-based
motion reconstruction. Second, our design of one motion at each
scale point precluded our ability to generalize if the reconstruction
algorithm always fails or succeeds for a particular social signal. An
alternative approach is to test all motions that passed the selection
study in one VR session, but this is time-consuming and can easily
introduce fatigue in our study participants. Furthermore, although we
attempted to control for actor-related encoding effects by recruiting a
diverse pool of actors, the selection study prioritized stimuli that best
spanned across the rating ranges, which may result in a final benchmark
that is not gender-balanced and may therefore introduce gender effects
that were not systematically examined. Lastly, we only tested our
designed scales with two forms of HMD body tracking in our study.
The existing challenges of lower-body tracking with HMD devices
prohibit reliable knee, hip, and feet poses with HMD1 and HMD2,
limiting their performance in full-body reconstructions. Additionally,
auditory data is a critical factor in signal interpretation. Our work
focuses on testing the designed benchmark without interaction of audio;

however, evaluation of HMD-based tracking reconstructions with audio
might provide further insight into the results in future studies.

7 CONCLUSIONS AND FUTURE WORK

Tracking from headsets is a challenging task. While our findings
showed that both tracking reconstructions are impressive in many ways,
they still fall short of motion capture in both our Social Signal and
Naturalness ratings. The results for the social signal measures suggest
the possibility of miscommunication or diminished communication.
However, besides our interesting findings, much future work remains.
In real applications, body motion is only one of a set of signals that
includes dialog, tone of voice, and the appearance of the avatar. It
would be worthwhile to investigate the impact of motion relative to
these other social signals. The dataset could also support interesting
future investigations into the perception of social signals. Given the
data for two clips (e.g., HMD1 and MoCap) that are rated differently
on a particular social signal, it would be possible to create in-between
clips that adjust specific features in the motion. These could be used in
new experiments to test, for example, how much motion jitter versus
posture changes contributed to a particular shift in social signals. All
in all, we hope that this work will support future evaluation efforts. It
sets a benchmark for HMD tracking reconstruction, allowing future
algorithms to be compared against using these motion data and results.
More generally, it suggests a new approach to animation evaluation that
prioritizes measuring the messages conveyed through motion.
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