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Abstract
We developed an embodied Virtual Reality (eVR) environ-
ment and paradigm for studying sensorimotor learning
mechanisms in real-world tasks. By using a real-world
setting, i.e. playing pool billiard, we showed previously
that subjects could learn by error-based and reward-
based learning mechanisms, yet actually split into two
distinct groups using one or the other mechanism pri-
marily. Now, we isolated Error-based and Reward-based
reinforcement learning by providing different partial vi-
sual feedback to two groups of subjects (that clamped
either error or reward feedback), to understand how and
whether the learning processes were different between
groups. Visual feedback was manipulated in form of a
rotation of the target ball’s trajectory, that requires from
learners a cognitive abstraction that acts only on an ob-
ject, in contrast to traditional visuomotor learning exper-
iments which rotate the whole visual field. We found
that subjects’ compensation for the perturbation and the
learning curve differed between groups, with the error-
based subjects showing exponential learning curve and
achieving a higher improvement than reward subjects
who presented a linear learning curve. Yet, no significant
difference was found in inter-trial variability and success
rate.

Keywords: real-world neuroscience; embodied virtual real-
ity; motor learning; visuomotor rotation; error-based learning;
reward-based learning

Background
Motor learning is driven by two main learning processes cat-
egorized broadly as error-based learning and reward-based
learning (Doyon, Penhune, & Ungerleider, 2003; Krakauer,
Hadjiosif, Xu, Wong, & Haith, 2019), which can be isolated
by giving selective feedback (Therrien, Wolpert, & Bastian,
2016; Uehara, Mawase, & Celnik, 2018; Palidis, Cashaback,
& Gribble, 2019). While those are often isolated in simple
lab based tasks, it is not trivial to dissociate between them
in the real-world. Here we address the challenge to test the
wider applicability of classic results originally obtained in re-
strictive laboratory settings to more complex tasks (Krakauer,
Pine, Ghilardi, & Ghez, 2000; Ingram & Wolpert, 2011).

In previous works we established the game of pool billiards
as a real-world paradigm to study motor learning, tracking
the balls on the table to measure task performance, and us-
ing both motion tracking and electroencephalography (EEG)
to capture full-body movement and brain activity in the task
(Haar, van Assel, & Faisal, 2020; Haar & Faisal, 2020). We
then incorporated it in an embodied Virtual Reality (eVR) en-
vironment (Haar, Sundar, & Faisal, 2021) to enable perturba-
tions and visual manipulations. In the eVR setup, the subject
is physically playing pool while a visual feedback is provided
by the VR headset. One possible way to manipulate a task is
to use visuomotor rotations, process that has often been used
to initiate new learning processes (Krakauer et al., 2000).

We previously demonstrated that during real-world learning
in the pool task different individuals use varying contributions
of error-based and reward-based learning mechanism (Haar
& Faisal, 2020). Here, we use the eVR environment of a real-
world pool task to introduce visuomotor rotations and selec-
tively provide error-based or reinforcement learning feedback,
as was previously done in lab tasks, to verify if and how sub-
jects can learn in the real-world using single mechanisms.

Methods
Experimental Setup The experimental setup (fig. 1a) is an
extension of that used in Haar et al. (2021), with a real en-
vironment represented simultaneously in VR. A pool table is
positioned below four Optitrack cameras that stream the real
cue stick in the virtual environment. The cue ball is both real
and virtual, in order to provide natural haptic feedback of the
shot, whereas the target ball is only present in VR.

Experimental Design 16 healthy right-handed volunteers
with normal or corrected-to-normal vision (4 males and 12
females, aged 20-25) were randomly divided into two equal
groups. The experiment included 250 trials divided in 10
blocks of 25 shots: a baseline phase (75 trials), a perturba-
tion phase (150 trials) and a final washout block (25 trials).
The same shot was performed repeatedly, aiming at pocket-
ing the target ball positioned close to the far-left corner of the
pool table. During the perturbation phase, the trajectory of the
cue ball was rotated by 5°counterclockwise (fig. 1b). The par-
ticipants then had to correct, to compensate for the directional
bias, aiming to the right in order to pocket successfully. During
the rotation phase a group-specific feedback was provided in
VR. In the error-based feedback group, the trajectories of the
balls were hidden after their collision, so that subjects could
improve only based on the trajectory of the cue ball towards
the target ball. In the reward feedback group, in contrast, the
balls were hidden once the cue ball was hit. In the case of a
successful shot, a reward was provided by showing the sub-
ject an artificial successful trajectory. This constitutes rein-
forcement independent of any possible error correction. Fol-

(a) (b) (c)

Figure 1: Experimental setup: (a) the Pool eVR setup; (b)
5°perturbation applied on the cue ball; (c) a dynamic reward
zone (pink) is defined for the perturbation phase in the reward
task. The solid black line represents the median of past ten re-
warded trials. The dashed lines represent the ideal target and
corresponding funnel (0°for baseline, -5°for perturbation).
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lowing Therrien et al. (2016), the reward zone was defined
by two criteria: (i) when shooting inside the success funnel
around the pocket (just as in baseline blocks or during the er-
ror task) and (ii) when a shot was better than the median of the
past 10 rewarded trials. A threshold for outliers removal was
set on the baseline (µ± 3σ), and applied to the perturbation
learning zone, i.e. 3σ higher than 0°or lower than -5°.

Results
Figure 2 shows the trial-by-trial average error across subjects
for the two different groups, as well as fits of the points to a
decay curve. In the baseline phase, the two conditions lead to
similar behaviours, which start changing during perturbation.

Figure 2: Mean cue ball angle of error-based subjects (blue)
and reward-based subjects (red). Gray area represents the
presence of perturbation, while pink area indicates the suc-
cessful angles. Double exponential fit is in bold.

Despite an overall similar trend for the two groups, the cor-
rection for the perturbation is lower for the reward subjects
than for error ones. The error-based group showed a classic
double exponential learning curve with a fast component with
time constant of τ f = 6.25 trials and a slow with τs = 325. The
reward-based group, presumably due to the reward regime,
showed no fast learning and the slow component was linear.

Over blocks (of 25 trials) there is a clear difference be-
tween groups in the average angle (figure 3a) but not differ-
ence in the between subject variability. The washout block

demonstrates slightly higher retention for the error group, in
line with the higher compensation for the perturbation. There
was no group difference in success rate over blocks (fig. 3b)
between the groups (mixed-effects ANOVA during rotation:
F(1,14) = 0.214, p = 0.65). Importantly, during the rotation
phase, error group successes were counted based on mini-
mal error from the ideal rotated trajectory, whereas for the re-
ward group the success count was based on reward feedback,
hence covering the full reward zone. The reward participants,
had significantly higher variability in the success rate between
blocks and subjects, due to the dynamic reward zone.

Finally, in order to understand the variability between trials
at subject-level, we considered the corrected standard devi-
ation within blocks, which accounts for and isolates the linear
trends to derive a clearer measure of change (for methods see
Haar et al. (2020)). The variability (fig. 3c) showed a rough
decreasing trend over trials (though not significant) for the re-
ward group but not for the error group (mixed-effects ANOVA
interaction (group x block): F(5,70) = 1.754, p = 0.134).

Discussion

In this paper, we present an embodied Virtual Reality environ-
ment which allows the study of motor learning in a real-world
framework. The sense of embodiment given by the setup
favours the preservation of complex natural movements, and
the complex nature of the real world-task, involving multiple
objects, increases its cognitive demand. Hence, this can bet-
ter generalise to the real-world as cognitive effort has critical
impact on learning process (Lee, Swinnen, & Serrien, 1994).

Due the different feedback regimes, different computational
learning mechanisms with different cognitive demands were
used by the different groups. Presumably, the unknown suc-
cess criteria as well as the disappearance of the trajectories
could have made the cognitive demands of the reinforcement
task higher. Yet, although in the real-world humans use a com-
bination of error-based and reward-based learning (Haar &
Faisal, 2020), here we demonstrate that with restricted feed-
back subjects can learn to correct for a perturbation in a real-
world task with either of these computational mechanisms.

(a) (b) (c)

Figure 3: (a) Mean cue ball error over blocks; (b) Success rate over blocks (includes the entire reward zone during perturbation
for the reward group). (c) Corrected standard deviation (after removal of linear trends within blocks). All calculated over blocks
of 25 trials and averaged over subjects within group. Shaded areas represent inter-subjects variability. Blue: error-based group;
Red: reward-based group.
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