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Figure 1: Approach overview. (a) We record locomotion animations in VR. (b) An RL agent and humans predict walking direction

from them. (c) We analyze which body cues each relies on.

Abstract

In the real world, humans can navigate through crowded spaces
without collision because they are able to predict others’ intentions
and avoidance strategies. However, navigating among autonomous
virtual humans in Virtual Reality (VR) can be challenging due to the
absence of anticipatory cues that communicate turning intention.
In this paper, we study which body-part kinematic cues are relevant
using both a human perceptual experiment in Virtual Reality (VR)
and a Reinforcement Learning (RL) analysis sharing the same task
formulation. First, we examine participants’ gaze behavior while
predicting the avoidance direction of an approaching virtual pedes-
trian animated using full-body motion capture and gaze-tracking
data from a real person. Second, we train RL agents on the same
task and systematically ablate input features to quantify the con-
tribution of each kinematic feature. Our gaze analysis shows that
participants predominantly attend to the head and upper body,
while lower-body fixations are associated with prediction errors.
Our RL ablation identifies hip position as the dominant cue for
accurate prediction, with head rotation providing a secondary but
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significant contribution to early decisions. Integrating both anal-
yses, we identify a two-phase cue structure: an early orientation
phase driven by head rotation, followed by a displacement phase
driven by lateral hip movement. Our results show that realistic
movement and gaze cues enable virtual humans to convey turning
intentions, highlighting the need to incorporate these cues into
simulation models. Moreover, the strong correlation between RL
agents and perceptual results suggests that RL can help validate
collision-avoidance models and support more natural human-agent
interactions in virtual environments.
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1 Introduction

Realistic virtual characters are key for immersion in VR, but they
often lack clear cues that let users understand their intentions [Yun
et al. 2024], making path and avoidance prediction harder than
observing real pedestrians. Prior VR studies have examined how
virtual walkers’ gaze behavior, proximity, and appearance affect
avoidance perception [Berton et al. 2019; Bourgaize et al. 2024;
Lynch et al. 2018b; Nelson et al. 2024]. However, it remains unclear
which specific body-part cues virtual humans must reproduce to
convey turning intentions.

This lack of anticipatory cues is rooted in current virtual-human
pipelines, which combine path planning with collision-avoidance
algorithms that move the character forward and rotate the root
to initiate a turn [van Toll and Pettré 2021]. While recent motion
matching [Biittner and Clavet 2015; Ponton et al. 2025] and machine-
learning synthesis [Rempe et al. 2023] pair these trajectories with
high-quality animations, the resulting motion remains reactive
rather than proactive. The trajectory often changes before any
bodily cues appear, leaving observers without the lead time to
anticipate the character’s next move. Understanding how humans
anticipate others’ avoidance behavior could inform how to integrate
these cues into virtual human simulations.

VR has become a standard tool for studying collision avoidance
in controlled, repeatable settings [Berton et al. 2019], but most
VR analyses operate at the level of root motion, such as walking
speed and time-to-collision [Lynch et al. 2018b; Varma et al. 2017].
In parallel, machine learning has advanced pedestrian trajectory
prediction [Bae et al. 2025; Bremer et al. 2021; Rempe et al. 2023;
Xu et al. 2024] and full-body motion generation [Tevet et al. 2023],
but targets plausible motion rather than whether an observer can
read avoidance intent from it. It thus remains open whether kine-
matic features alone suffice to reach the same avoidance-direction
decisions as a human observer on the same task.

We address this by running human participants and a Reinforce-
ment Learning (RL) agent on the same binary avoidance-direction
task. Humans see a virtual pedestrian rendered in VR from prere-
corded motion capture, stripped of conversational, contextual, and
social cues, so that only body kinematics remain. The RL agent
receives the corresponding kinematic features. Comparing their
outputs tests whether kinematics alone suffice and lets us use RL
for feature ablations that are infeasible with human observers.

We address the following research questions:

RQ1: To what extent does trajectory deviation serve as a primary
cue for predicting turning intention?

RQ2: Which body-part movements carry directional information
prior to a change in trajectory?

RQ3: Are kinematic features alone sufficient for an RL agent
to reach the same binary avoidance-direction decisions as human
observers on the same task?

The main contributions of this paper are:

(1) A VR user study showed that correct predictions are asso-
ciated with increased gaze towards the upper body.

(2) An RL-based feature ablation showing that, among the
kinematic features, hip position is the dominant cue, while
head rotation contributes most to early decisions.
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(3) Demonstrating high alignment between human percep-
tion and RL, with kinematic features alone sufficient to
reach the same decisions, supporting RL as a complementary
analysis tool for ablations infeasible with human observers.

(4) Demonstrating that virtual humans with realistic body mo-

tion and gaze can convey turning intentions similarly to

real-world observations, supporting their inclusion in future
simulation models.

Proposing a two-phase cue structure for animation

design, in which head rotation signals intention prior to

trajectory displacement. Accordingly, virtual humans should
initiate turns with head rotation preceding root motion.

—~
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=

2 Related Work
2.1 Locomotion Cues in Pedestrian Walking

Pedestrians routinely negotiate collision avoidance without speak-
ing by mutually anticipating each other’s path intentions [Mu-
rakami et al. 2019, 2021, 2022]. To communicate spatial informa-
tion, humans rely on body-based locomotion cues [Varma et al.
2017], which are generally categorized into global motion (e.g., the
displacement of the center of gravity) and local kinematics (e.g.,
the position and orientation of limbs or the trunk) [Lynch et al.
2018a]. While global motion alone suffices for successful collision
avoidance, the addition of local kinematic information stabilizes
perceptual-motor responses, enabling earlier, faster, and more ac-
curate avoidance maneuvers [Lynch et al. 2018a; Meerhoff et al.
2014].

Building on this, recent efforts have focused on identifying the
specific body parts that serve as predictive cues, primarily exploring
body orientation [Murakami et al. 2022], head orientation [Prévost
et al. 2003; Schulz and Stiefelhagen 2015; Varytimidis et al. 2018],
and gaze behavior [Hessels et al. 2020; Holman et al. 2021; Raimbaud
et al. 2023]. For instance, a systematic review by Lopez et al. [Lopez
et al. 2019] concluded that gaze yaw significantly anticipates head
yaw by 198 ms, which in turn anticipates trunk yaw by 271 ms.
However, Cinelli and Warren [Cinelli and Warren 2012] cautioned
that such sequences can be confounded by experimental context,
reporting no significant temporal anticipation between gaze, head,
and body rotation in their own experiments.

VR has become a widely adopted tool to isolate specific physical
traits [Berton et al. 2020, 2019; Nelson et al. 2024; Patotskaya et al.
2024; Zibrek et al. 2020], and Berton et al. [Berton et al. 2019] showed
that avoidance gaze behavior in VR is qualitatively similar to real-
world environments. Yet, which body-part cues humans prioritize to
predict walking direction, and when these cues become informative,
remains largely unanswered [Lynch et al. 2018b; Varma et al. 2017].
Moreover, isolating the contribution of individual cues directly in
human observers is difficult, since specific body-part signals cannot
be selectively removed without introducing perceptual artifacts.

2.2  Walking Intention Prediction

Understanding pedestrian walking intention is crucial for human-
crowd [Huber et al. 2014], human-robot [Conte and Furukawa 2021;
Holman et al. 2021; Yu et al. 2024], and human-vehicle [Ling and
Ma 2024; Ridel et al. 2018; Taha et al. 2026] interactions, where the
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core task is forecasting a pedestrian’s future position from current
and past motion observations [Liu et al. 2025].

Classic crowd simulation methods, both macroscopic [Hender-
son 1971, 1974; Mirzabagheri et al. 2025] and microscopic [van Toll
and Pettré 2021], abstract pedestrians as 2D points and rely solely
on global acceleration. Local locomotion cues are therefore ignored,
and turns are driven only by root rotation, with no early predictive
body kinematics.

Recent deep-learning approaches instead use pedestrian-centric
features such as joint kinematics, head orientation, and trajecto-
ries [Fang and Lopez 2018; Gesnouin et al. 2020; Kothari et al. 2020;
Varytimidis et al. 2018], with shoulder and leg joints reported as
the most informative for activity estimation [Mirzabagheri et al.
2025].

However, these machine-side studies are typically conducted in
isolation from human observers and benchmarked on geometric
trajectory errors [Mirzabagheri et al. 2025; Taha et al. 2026], leaving
open whether the same kinematic features are sufficient for a model
to reach the same decisions humans reach on the same task.

2.3 Positioning

The two lines of work leave complementary gaps. On the perceptual
side, body-part cues cannot be selectively removed from human
observers without introducing uncanny motions. On the machine
side, models are evaluated against trajectory error rather than hu-
man decisions. We address both within one framework. Humans
and a Reinforcement Learning (RL) agent perform the same binary
avoidance-direction task on the same kinematic motion, and we
quantify their behavioral consistency in decision timing, accuracy,
and lateral-displacement threshold. Strong consistency would imply
both that kinematic features carry enough information to support
human judgment and that RL enables controlled feature ablations
infeasible with humans.

3 Experimental Data Preparation

The virtual character’s walking animations were generated by cap-
turing full-body motion of human users in a VR environment. We
refer to them as stimulus providers (SP) in the following text.

Apparatus. Full-body motion was captured with an Xsens Awinda
motion capture system; eye gaze and facial expressions were simul-
taneously recorded with the built-in sensors of the Meta Quest Pro,
and the avatar was authored in Character Creator. The recorded
motion was resampled to 10 Hz, one full-body pose every 0.1s.

Virtual Environment. A minimalist hallway with no decoration,
ambient agents, or auditory cues was used as the capture environ-
ment, so that the resulting animations carry body motion with little
additional context. As visualized in Fig. 2A, the hallway had an
entry and exit 7 m apart, with an idle avatar placed 2 m before the
exit and a 90 cm-wide central opening 3 m before the avatar (+1m
across trials, d € [1, 3] m). The idle avatar showed no facial expres-
sion, gaze, or verbal signal. The exit was a double door in three
configurations (Fig. 2B): both-open (free choice), right-open, and
left-open.

Animation Capture. Three members of our research facility, naive
to the study purpose, served as SPs. Wearing the VR HMD and
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Figure 2: Capture environment. (A) Top-down hallway view
with Entry, opening, Avatar, and Exit. (B) Right-open condi-
tion biasing the SP rightward. (C) First-person participant
view.

MoCap suit, each SP was given a single instruction, to walk from
entry to exit while avoiding the idle avatar, with no guidance on
how or which side to take. The opening in front of the idle avatar
ensured that SPs walked straight at first and could only initiate
avoidance steering after passing it. The three door configurations
were deliberately selected for each capture iteration to implicitly
induce rightward or leftward avoidance. Each SP completed 20
capture iterations (10 both-open, 5 left-open, 5 right-open), yielding
60 walking animations.

4 Experiments

We evaluate the same task with both human and machine infer-
ence. The human experiment captures perceptual inference from
motion rendered on a virtual avatar, using eye tracking to record
which body parts participants look at before deciding. The RL agent
predicts avoidance direction from the underlying kinematic data
(trajectory and joint rotations), independent of perceptual and ren-
dering constraints.

4.1 Human Prediction Experiment

4.1.1 Task. Participants were instructed to remain stationary while
observing an avatar walking toward them (animation recorded
from stimulus providers in Sec 3), and to predict whether the avatar
would pass on their left or right to avoid a collision. Each trial was
presented from a first-person perspective on an empty floor plane
(Fig. 3A); the avatar walked from 5m in front of the participant
to 2m behind them, following one pre-recorded sequence with an
avoidance maneuver. The avatar was shown in isolation—without
gestures, greetings, or other agents—so that predictions relied on
locomotion cues alone, free from communicative biases.
Participants pressed a controller button as soon as they felt
confident, which removed the avatar and showed a slider whose
displacement encoded the predicted side and confidence (Fig. 3B).
To balance speed and accuracy, correct predictions earned a score
that decayed quadratically with response time, while incorrect
predictions scored zero (Fig. 3C-D). Specifically, the score for a
correct prediction was s = 1 — p?, where p = t/T € [0,1] is the
playback progress at response time, with ¢ the elapsed time and T
the full animation duration. This score served only as an incentive
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Figure 3: Prediction task. (A) First-person view of the ap-
proaching avatar. (B) Slider displayed after pressing the but-
ton. Feedback for a correct (C) and incorrect (D) prediction.

to keep participants from delaying their responses and was not
used in any analysis. After responding, participants viewed the
remainder of the animation.

4.1.2  Experiment. After providing informed consent and review-
ing instructions in VR, participants completed a six-trial tutorial
and then the main experiment. Of the 60 animations recorded from
the SPs, 24 were presented in randomized order—balanced across
conditions (12 both-open, 6 left-open, 6 right-open)—and reserved as
the held-out test set for the RL experiment.

4.1.3  Participants. Thirteen participants (10 male, 3 female) took
part in the experiment. Ages ranged from 18 to 55 years (18-25:
n =3,26-35:n=9,36-45:n = 0,46-55: n = 1). All reported normal
or corrected-to-normal vision and provided informed consent prior
to participation. A sensitivity power analysis indicated that with
N =13, a = .05 (two-tailed), and statistical power 1 — f = .80, the
study could detect bivariate correlations of |r| > .71, corresponding
to a large effect size [Cohen 1988].

4.1.4 Data Collection. For each trial, we recorded the prediction
timestamp, reported confidence, and the participant’s gaze. The
avatar carried 15 body-part colliders (head, spine, pelvis, and the
left/right upper/lower arms, hands, upper/lower legs, and feet);
gaze—collider intersections were sampled every 0.1s, yielding a
per-trial time series of body-part fixations.

4.2 Reinforcement Learning Prediction

We formulate the same prediction task as a Markov Decision Pro-
cess (MDP) and train RL agents in Unity ML-Agents with Proximal
Policy Optimization (PPO) [Schulman et al. 2017]. Unlike static clas-
sifiers with a fixed data window, an RL formulation dynamically
chooses the decision instant, balancing more information against
the penalty of a delayed response. This sequential framework mir-
rors our human experiment, where participants had to decide under
a time-decaying score.
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4.2.1 Observation and Action Space. At each time step, the agent
received motion features extracted from a sliding temporal window.
The window advanced in 0.1 s steps, so successive windows over-
lapped. Four features were included, each defined relative to the first
frame: hip position, hip rotation, head rotation, and upper-chest
rotation. Models were trained with temporal windows ranging from
0.5 to 1.1s to examine how the length of the observation history
affected prediction performance.

The agent outputs a continuous action value a € [—1,1] rep-
resenting directional confidence from left to right. A continuous
action space was chosen because a discrete formulation led the
agent to commit to a direction immediately at the first time step,
preventing meaningful analysis of prediction timing. A decision
was triggered when |a| > 0.9, a threshold selected after evaluat-
ing candidates (e.g., 0.7, 0.8, 0.9); 0.9 yielded the highest accuracy
while ensuring that decisions reflect strong directional commitment
rather than transient fluctuations around zero.

4.2.2 Reward and Training. The reward decouples a terminal de-
cision component (Ryecision = *l|a| for correct/incorrect, —1 on
timeout) from a per-step time penalty (R;ime = —0.01) that encour-
ages earlier predictions.

This minimalist reward avoids denser reward shaping that could
bias the agent toward specific joints, so that accuracy drops during
ablation reflect a feature’s intrinsic predictive utility rather than
reward engineering.

To stabilize early learning, observation noise is annealed and the
time penalty is introduced via a curriculum schedule (full details in
the supplemental material). Of the 60 walking animations (Sec 3),
36 unseen by participants are used for training and the 24 trials
shown in the human experiment serve as the held-out test set. Each
configuration is trained three times and results are averaged across
runs.

5 Analysis and Results
5.1 Motion Analysis

5.1.1 Trajectory Turning Point. Trajectories from SPs’ recorded
data are obtained as the ground projection of the virtual avatar’s
hip over time. All trajectories follow the same pattern (Appendix A).
We estimate the turning point as the intersection of two lines fitted
to the initial and avoidance-displacement phases of each trajectory
(Fig. 4). See Appendix A for the best-fit computation.

5.1.2  Body-part kinematic cues. To look for anticipatory cues, we
computed whether the head, torso, and hip rotate toward the up-
coming turn in the frames before the turning point. We define a
pre-turn window ([—3.0,—0.5] s) and a late window ([—0.5,0.0] s)
relative to the turning point. The late window corresponds to the
actual turning phase reported in the literature, which starts with
head rotation, followed by torso and hips before the feet move
[Akram et al. 2010]. We also observed this behavior in the aggre-
gated proportion of body-part animations that rotate towards the
turn direction (Fig. 5).

We then tested, for each body part, whether rotation was biased
towards the goal in each window. For each animation and window,
we computed the fraction of frames rotating towards the goal, and
tested whether the mean fraction across the 60 animations differed
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Figure 4: Human predictions relative to the detected turning point. The x(t) trajectory (black) is fitted with a two-phase model
(initial: blue, displacement: red); their intersection is the turning point (orange). Circles mark correct (blue) and incorrect (red)
predictions. Left: mostly correct before the turning point. Middle: incorrect before, correct after. Right: mixed after the turning
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Figure 5: Proportion of animations in which each body part
is rotating toward the upcoming turn at each frame relative
to the turning point (50% indicates chance).

from chance (0.5, no directional bias) using a one-sided ¢-test. In the
late window, all three body parts showed a strong goal-direction
bias (head: 70.3%, torso: 68.1%, hip: 70.8%; all p < .001). In the
pre-turn window, however, only the head was significant (52.3%,
t(59) = 2.13, p = .019, d = 0.28); torso (p = .084) and hip (p = .195)
did not reach significance. Although small, this effect suggests that
head rotation carries a subtle anticipatory directional signal before
the turn becomes apparent in the trajectory.

5.2 Human Prediction Experiment

5.2.1 Prediction Accuracy. We first examine participants’ ability to
predict the SPs’ left-or-right walking intention. Prediction accuracy
was computed for each participant as the number of correct predic-
tions divided by the total number of displayed animations, yielding
a high mean accuracy of 91.3%. Fig. 4 provides an overview of par-
ticipants’ predictions with respect to the SPs’ lateral displacement,
and shows three representative trajectories: (1) most participants
predicted correctly even before the turning point, (2) most pre-
dicted correctly only after the turning point, and (3) some predicted
incorrectly even after the turning point.

To better understand the perception-prediction mechanism, we
analyze three factors associated with correct and incorrect predic-
tions: (1) reported confidence, (2) prediction time, and (3) the SP’s
lateral displacement at the moment of prediction.

Reported Prediction Confidence. After verifying that the confi-
dence scores significantly deviated from normality (Shapiro-Wilk
test: W = 0.850, p = .042), we used a Wilcoxon signed-rank test
to investigate how confidence related to prediction correctness.
Participants exhibited significantly higher confidence when correct
(M = 0.75, SD = 0.16) than when incorrect (M = 0.43, SD = 0.14;
Wilcoxon T* = 66, p < .001, r = 1.00, n = 11), where r denotes the
rank-biserial correlation: a large effect indicating that all partici-
pants showed higher confidence for correct predictions.

Decision Time. Since each prediction trial is a one-shot attempt
over a walking motion sequence, participants might achieve good
results by predicting late. To assess this, we computed the decision-
time offset, At = tp —trurn, Where negative values indicate decisions
made before the turning point. As shown in Fig. 6, prediction ac-
curacy was significantly positively correlated with mean decision-
time offset (Pearson’s r = .79, p = .001; Spearman’s p = .69,
p =.009; n = 13), a large effect: participants who committed later
tended to be more accurate. This indicates a speed—accuracy trade-
off in human inference, where delaying a decision allows partici-
pants to observe more of the movement and classify it more reliably.

Lateral Displacement of Stimulus Providers. As the SP approaches
the turning point, lateral displacement gradually increases, provid-
ing a potential visual cue for direction prediction. Note that lateral
displacement first exhibits a swaying phase before becoming large
enough to be perceived as a trajectory deviation. We compared
the lateral displacement at the time of prediction between correct
(n = 285) and incorrect (n = 27) trials. The mean displacement
at correct predictions (M = 0.21m, SD = 0.15) was significantly
greater than at incorrect predictions (M = 0.10 m, SD = 0.05; Mann-
Whitney U = 5519, p < .001,r = .43), a medium-to-large effect. This
indicates that participants might wait until lateral displacement is
large enough to secure a correct prediction.

5.2.2  Participant Gaze.
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Figure 6: Decision-time offset vs. prediction accuracy for the
human (Sec. 4.1) and RL (Sec. 4.2) prediction experiments.
Dashed lines are linear regression fits, with Pearson correla-
tions in the legend.
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Figure 7: Marimekko charts of gaze distribution across body
regions before prediction for the three time windows. Bar
width is proportional to trial count (Correct: 285, Incorrect:
27).

Gaze Distribution. We aggregate the 15 colliders into 4 body-
part groups to simplify gaze analysis: Head (head), Torso+Arm
(spine, arms, hands), Pelvis (pelvis), and Lower Body (legs, feet).
Because gaze recording for each trial ends at decision time tp, the
recordings have unequal lengths; we therefore analyzed three time
windows preceding each decision—[tp — 0.5,tp], [tp — 1,tp], and
[0, tp]—and normalized each to express the gaze distribution as a
percentage. As shown in Fig. 7, correctly predicted trials involved
longer fixation on the head and torso+arms, whereas incorrectly
predicted trials showed more fixation on the pelvis and lower body.

Gaze—Prediction Correlation. To examine whether gaze patterns
predict trial outcomes while accounting for the repeated-measures
structure of the data (multiple trials nested within each of the 13
participants), we fitted Generalized Linear Mixed Models (GLMMs)
with trial outcome (correct/incorrect) as the dependent variable,
standardized gaze percentage as the fixed effect, and participant
as a random intercept. Holm correction was applied within each
temporal window (four tests per window). Lower-body fixation
was a consistent source of incorrect predictions across all temporal
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Figure 8: Gaze entropy vs. decision-time offset. Each point
is one participant. The dashed line is a linear regression fit,
with the Pearson correlation in the legend.

windows after correction (0.5s: OR= 0.64, p,q; = .011; 1.0s: OR=
0.59, pagj = -001; all: OR = 0.60, p,g; = .008), where an OR below
1 indicates that higher fixation is associated with lower odds of a
correct response. No other body region reached significance after
correction (see Table S6 in the supplemental material).

Gaze Entropy. To understand how participants distributed their
visual attention across the avatar’s body parts, we computed Shan-
non entropy H(p) = — X, p; log, p; over the n body parts; higher
values indicate a more broadly distributed gaze. Gaze entropy was
significantly negatively correlated with decision-time offset (Pear-
son’s r = —.59, p = .035; Spearman’s p = —.72, p = .006; n = 13).
Although the Pearson coefficient falls below the detectable thresh-
old from our sensitivity analysis (|r| > .71), the non-parametric
correlation exceeded it. This suggests that early predictors tended
to distribute their gaze more broadly—probably looking for cues
everywhere—whereas late predictors focused more on confirmation
from specific parts (Fig. 8).

5.3 Reinforcement Learning

5.3.1 Prediction Accuracy. We analyzed RL prediction behavior
using the same metrics applied to human participants.

RL Agent Prediction Confidence. RL agents maintained near-ceiling
confidence (x 0.98) regardless of correctness, reflecting the fixed
|al > 0.9 decision threshold rather than a meaningful counterpart
to human subjective confidence; full statistics are reported in the
supplemental material.

Decision Time. Using the same decision-time offset (Sec. 5.1),
models with longer temporal windows (0.8-1.1s) produced the
earliest predictions (most negative offsets) but lower accuracy, while
shorter windows (0.5-0.7 s) decided closer to the turning point
with higher accuracy (Fig. 6). Decision-time offset and prediction
accuracy were strongly correlated across RL models (Pearson’s
r =.91, p = .004; Spearman’s p = .99, p < .001; n = 7), paralleling
the human speed-accuracy trade-off where late predictors classified
more reliably.
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Lateral Displacement. We compared the RL agents’ lateral dis-
placement at the time of prediction between correct (n = 410) and
incorrect (n = 94) trials. The mean displacement at correct pre-
dictions (M = 0.13m, SD = 0.13) was significantly greater than
at incorrect predictions (M = 0.08 m, SD = 0.07; Mann-Whitney
U = 22,724.5, p = .007, r = .18), a small effect. RL agents respond-
ing when the trajectory exhibited larger lateral displacement were
more likely to predict the correct direction, mirroring the human
pattern.

5.3.2  Feature Ablation. To quantify each feature’s contribution,
we performed a feature ablation in which individual features were
set to zero at test time, measuring the resulting accuracy relative
to the full-feature baseline. A two-way ANOVA with ablation con-
dition (5 levels) and observation window size (7 levels) as factors
revealed a significant main effect of condition (F(4,70) = 127.46,
p < .0001, 172 = .708, large effect), window size (F(6,70) = 9.52,
p < .0001, r72 =.079, medium effect), as well as a significant interac-
tion (F(24,70) = 3.48, p < .0001, 172 = .116, medium effect). Tukey
HSD post-hoc tests showed that removing hip position (M = 53.57%,
p < .0001) and head rotation (M = 68.06%, p < .0001) significantly
reduced accuracy relative to the full-feature baseline (M = 81.35%),
whereas removing hip orientation (M = 80.95%, p = .999) and
upper-chest orientation (M = 80.95%, p = .999) did not. Although
the main effect of window size was significant, no pairwise differ-
ences reached significance in Tukey HSD post-hoc comparisons.
These results confirm that global hip translation is the dominant
cue for locomotion prediction, with head rotation providing a sub-
stantial secondary contribution.

6 Discussion

The perception experiment let us investigate human attention via
gaze and when humans commit to a decision, identifying the cues
available before each prediction. Despite the design encouraging
early responses, participants achieved a mean accuracy of 91.3%,
well above chance. Decision-time analysis showed that 12 of 13 par-
ticipants (92.3%) predominantly predicted after the turning point,
suggesting that trajectory deviation is an important cue. However,
all participants also made some predictions before the turning point,
with a mean accuracy of 79.2% (SD=17.4%), indicating that addi-
tional cues such as body part orientation were used. We therefore
studied the same task with RL, and given the behavioral consistency
between humans and RL agents, used it to run an ablation study
estimating the contribution of each cue.

6.1 Humans vs. RL Prediction

Our results show a strong correlation between decision time and
accuracy for both humans and RL agents (Fig. 6). Similar to the
speed-accuracy trade-off observed in humans, RL agents with dif-
ferent temporal windows exhibit a similar trade-off between earlier,
less accurate predictions and later, more accurate ones. The two
linear fits are nearly parallel, separated by an observed offset of
approximately 0.5 s.

This offset is consistent with the fact that the RL agent decides
as soon as cues become available, whereas humans require an
observation-cognition-motor loop between cue availability and
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the button press. Accounting for visual perception and aware-
ness (~ 100 ms), cognitive processing for two-alternative decisions
(= 300-400 ms), and motor execution (=~ 100 ms), the expected total
delay is approximately 0.5-0.6 s between cue presentation and the
recorded response time [Card et al. 1983; Thorpe et al. 1996]. Once
this established human response delay is taken into account, the
human and RL fits closely match in both decision time and accuracy.

Lateral displacement at the moment of prediction also matches
once the response delay is taken into account. The human means
shift from 0.21 m (correct) and 0.10 m (incorrect) to 0.14m and
0.08 m, in line with the RL agent’s values. Addressing RQ3, this be-
havioral consistency in timing, accuracy, and lateral-displacement
threshold shows that kinematic features alone are computationally
sufficient to reach the same binary decisions.

6.2 Prediction from Trajectory Cues

Aligned with previous research on human collision avoidance [Lynch
et al. 2018a], global position was the most important feature for
predicting avoidance direction, both for human observers and RL
agents. Global position was provided to the RL agent as the hip
position. However, humans can perceive this information from the
hip, torso, or head, as these body parts move laterally together. Our
gaze analysis showed that humans fixated mostly on the head and
upper torso during correct predictions, consistent with lateral hip
displacement being conveyed upward through the kinematic chain
into upper-body motion.

The ablation study performed with the RL agents shows that the
prediction accuracy dropped to nearly 50% when the hip position
was removed, indicating that within the kinematic input space of the
model the agent relies strongly on lateral displacement. Moreover,
the RL agents mostly made their predictions before the estimated
turning point, implying that the RL models have effectively learned
to jointly use different locomotion cues.

To understand prediction based on trajectory, we also need to
study the impact of the swaying hip displacement inherent in hu-
man locomotion, and analyze when this lateral displacement is
interpreted as a possible trajectory turn. Addressing RQ1 and RQ3,
we found that this interpretation happened when the stimulus
provider was over 0.14 m from the central line of the virtual hall-
way, for both RL agents and humans (after accounting for the 0.5 s
human response delay [Card et al. 1983; Thorpe et al. 1996]).

Thus, while accurate predictions frequently coincide with lateral
displacement crossing the 0.14 m threshold, this is a temporal cor-
relation rather than evidence that displacement is the sole causal
driver. The final decision is likely triggered by an accumulation of
coordinated kinematic cues.

6.2.1 Turning Point vs. Perceived Turning Point. Note that tyyrm is
a conservative estimate, computed from the full trajectory with
lateral swaying averaged out by the line fit. We therefore distinguish
the turning point, when the SP decided to change direction, from
the perceived turning point. Because observers (human or RL) lack
the full trajectory, the actual turn stays hidden until the motion
clearly deviates beyond the swaying.

Consequently, the number of early predictions would likely be
even higher (indeed, 79.2% of predictions made before the turning
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point were already correct), highlighting the importance of con-
sidering other human movement cues that may anticipate turning
intention for collision avoidance.

6.3 Prediction from Body Orientation Cues

Gaze results summarized in Fig. 7 show that participants who pre-
dicted correctly looked more often towards the stimulus provider’s
head, followed by Torso+Arm, whereas those who predicted incor-
rectly gazed more towards the pelvis and lower body. As noted in
earlier work [Cinelli and Warren 2012; Lynch et al. 2018a], these
gaze results should not be generalized to social-interaction settings,
since they were obtained in a virtual environment without any
social interaction. The body-part cues identified here are thus per-
ceptual cues for locomotion prediction, not communicative signals.

These results affirm that humans do not rely on a single fixation
point to predict the lateral movement of an incoming pedestrian.
This is also supported by the linear regression in Fig. 8, which indi-
cated that participants with higher gaze entropy generally tended
to make earlier predictions. As noted in our limitations, the medium
effect size of this specific relationship warrants cautious interpre-
tation, but it aligns with the broader observation that excessive
attention on lower body movement can be misleading. A possible
explanation is that lower-limb kinematics during straight walking
are largely periodic (e.g., leg swing) and do not carry directional
information until the walker has already committed to a turn.

The RL ablation showed that head rotation was the second most
important kinematic feature, while torso and pelvis orientation
did not improve prediction accuracy on their own. Consistently,
our analysis of all 60 animations (Fig. 5) found that all three body
parts carried a strong goal-directed bias in the late window (0.5
to 0s), but only the head carried a small but significant directional
signal in the pre-turn window (—3.0 to —0.5s). Addressing RQ2
and RQ3, our findings highlight head rotation as the primary early
anticipatory cue prior to trajectory deviation. In contrast, torso and
pelvis orientations did not provide significant early predictive value
on their own.

We expected agents with larger time windows to be more precise,
since they observe a wider range of temporal data. Yet accuracy
decreased as the window increased, and agents with larger windows
tended to predict earlier. This is in line with the entropy vs. decision-
time offset for humans (Fig. 8), where those who looked at more
parts predicted earlier. With RL, larger input windows play the role
of more gaze targets.

While the ablation shows that the RL models generally rely on
hip position, only the variant without hip observation benefits from
alarger time window, suggesting that in its absence the agent learns
to exploit rotation information.

7 Limitations and Future Works

First, as mentioned in Sec 6, the observed offset of ~ 0.5s between
human and RL prediction times is interpreted in light of previous
work on HCI rather than measured directly in our task. Measur-
ing this delay precisely for the collision-avoidance task would be
valuable but requires additional interdisciplinary expertise and ex-
perimental tools.
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Second, we did not provide the RL agent with information from
every joint. Instead, we simplified the input to a subset of features
based on previous empirical studies and on the analysis of human
gaze behavior during our experiments. While providing the full
body motion data could enable a broader exploration, the high
dimensionality of this data (typically more than 22 joints) would
complicate both the training and subsequent analysis.

Third, our human prediction experiment was conducted with a
relatively small sample size (N = 13). As established in our sensitiv-
ity analysis, this restricted our statistical power to detecting only
large effects. While this sample was sufficient to identify the pri-
mary macroscopic cues driving collision avoidance prediction, more
subtle perceptual patterns, secondary postural cues, or individual
differences in gaze strategy may have gone undetected.

Fourth, all walking animations originate from three stimulus
providers in a single frontal hallway scenario, and the RL train/test
split holds out animations but not actors. The conclusions about
which kinematic features are sufficient should therefore be inter-
preted within this stimulus range, and broader generalization across
walkers, layouts, and densities requires further data.

These limitations also point to future directions. Future work
could consider collecting a continuous response for the participant’s
prediction of a virtual character’s walking direction. In addition,
our results indicated that lower-body movement can be misleading
when humans predict turning intention. This finding contradicts the
conclusion of previous work [Mirzabagheri et al. 2025] in machine-
learning-based prediction tasks. Understanding this discrepancy is
an interesting avenue for further investigation. Beyond visual cues,
recent work shows that auditory cues such as footstep sounds can
prime anticipation in pedestrian collision avoidance [Hufschmitt
et al. 2026], making multi-modal integration a promising future
direction.

8 Conclusion

We presented a combined VR perception and reinforcement learning
(RL) framework to study the locomotion cues behind third-person
avoidance direction prediction. Our RL agent matches human pre-
diction accuracy and timing, showing that kinematic features alone
are sufficient to reach the same decisions. Rather than a model of
human perception, the RL side complements VR user studies by
enabling controlled ablations that isolate each kinematic feature’s
contribution.

Across both humans and RL, hip position was the dominant cue
and head rotation the key secondary cue for early decisions. In the
gaze data, humans predominantly fixated on the head and upper
body, with lower body fixation leading to incorrect predictions.

Modeling how humans infer directional intent from subtle lo-
comotion cues can ultimately enable virtual humans that are not
only visually plausible but also behaviorally predictable, support-
ing smoother and more natural interactions in immersive environ-
ments. Therefore, collision avoidance maneuvers should be led by
animations following a head-torso-hip rotation sequence prior to
trajectory deviation as opposed to the current sudden root rota-
tion. Finally, equipping virtual humans to perceive such cues from
users and fold them into local collision-avoidance algorithms could
enable more natural and responsive crowd simulations.
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A Turning point computation

All recorded trajectories follow a similar pattern, with the SP ini-
tially walking straight ahead, passing through the wall opening,
and subsequently initiating a turn to avoid the humanoid obstacle.

Reiya Itatani, Tairan Yin, Kexiang Huang, Jose Luis Ponton, Oscar Argudo, and Nuria Pelechano

Since the displacement along the forward direction is generally
linear with time, our analysis mainly focuses on the trajectories’ lat-
eral displacement, denoted as x(t). To investigate whether human
avoidance prediction is triggered by observing a clear change in
trajectory or by earlier perceptual cues, we identify a turning point
in each trajectory as the moment at which it begins to deviate from
the forward direction to execute collision avoidance. This point is
computed as the intersection of two lines, corresponding to the
fitted linear trajectories for the initial phase and the displacement
or avoidance phase.

First, the most prominent peak of the lateral trajectory x(t) is se-
lected as the final displacement time T. The trajectory segment from
t = 0tot =T is then divided into two phases at a candidate split
time k. Each phase is approximated by a line, and the intersection
of the two lines represents the turning point. For each candidate
k € {3,...,T — 2}, two least-squares linear models are fitted over
the intervals [0, k] and [k, T], denoted by %, s (t) and %y (1), re-
spectively. The optimal split time is obtained by minimizing the
total squared fitting error:

k T
k* = argmin x(£) = %o 1 ()% + x(t) = &7 (1))?
gmin 3 (x(1) = S0 (0)F+ Y (x(0) = £ 7 (1))
t=0 t=k
The turning point fyym is defined as the intersection of the two
fitted lines X( x+ and X+ .
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