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Correction of Avatar Hand Movements Supports Learning of a Motor Skill
Klemen Lilija* Søren Kyllingsbæk† Kasper Hornbæk‡

University of Copenhagen

ABSTRACT

Learning to move the hands in particular ways is essential in many
training and leisure virtual reality applications, yet challenging. Ex-
isting techniques that support learning of motor movement in virtual
reality rely on external cues such as arrows showing where to move
or transparent hands showing the target movement. We propose
a technique where the avatar’s hand movement is corrected to be
closer to the target movement. This embeds guidance in the user’s
avatar, instead of in external cues and minimizes visual distraction.
Through two experiments, we found that such movement guidance
improves the short-term retention of the target movement when
compared to a control condition without guidance.

Index Terms: Human-centered computing—Empirical studies in
HCI; Human-centered computing—Virtual reality

1 INTRODUCTION

Sports, games, artistic endeavors, and gestural communication all
benefit from precise hand movements. However, learning complex
movements is difficult and we often benefit from some type of guid-
ance. Guidance such as playback of the target movement, or arrows
rendered in virtual reality (VR), can help the user learn a movement.
However, guidance can also be ineffective or distracting if the cues
hide content in a scene or visually interfere with it. Further, the guid-
ance might be confusing, or the users might get used to it to such
an extent that they perform poorly once the guidance is removed.
Such over-reliance on guidance can negatively affect the use of VR
applications since users cannot train indefinitely. Thus, it is crucial
to design appropriate guidance to benefit the user.

Many techniques have been proposed for supporting the learning
of hand movements in VR. The majority of them provide augmented
feedback around the user’s avatar. Such feedback includes, an extra
pair of hands showing where the user should move next [8], a mir-
rored view of the user with cues overlaid on it [1], or abstract cues
such as arrows guiding a user towards a target.

We investigate a technique that embeds the guidance directly in
the avatar’s movement. The technique corrects the user’s virtual
movement when it differs from the target movement (Figure 1). The
user’s virtual hand location and pose are corrected to be closer to
the target movement. Such correction introduces a misalignment
between the user’s actual hand and its representation in virtual re-
ality. This misalignment then serves as a guide towards the target
movement. Such guidance immediately improves the user’s virtual
performance, avoids introducing external visual cues, and might be
used to subtly impact the user’s movement during learning.

We compare different degrees of virtual movement correction
to a control condition and a conventional guidance technique. In
two experiments, we found that the virtual movement correction
improved the short-term retention of the trained movements. The

*e-mail: klemen.lilija@gmail.com
†e-mail: soeren.kyllingsbaek@psy.ku.dk
‡e-mail: kash@di.ku.dk

Figure 1: The participant’s virtual hand movement was corrected to
be closer to the target movement than the hand’s real movement. The
blue line shows the path the participant needed to trace with the index
finger, the red line shows the participant’s actual movement, and the
green line shows the movement of the virtual hand that the participant
saw in virtual reality. None of the paths nor the participant’s real hand
was visible during the experiment.

technique outperformed the control condition in which the users
did not receive any guidance and performed equally well as a con-
ventional VR guidance technique (viz., ghosted hand). Our results
suggest that the correction of virtual movement is a viable method
for supporting hand movement learning. The applications that could
especially benefit from it are those where minimizing visual dis-
traction is critical (e.g., communication with gestures), as well as
applications that require good virtual performance during training.

2 RELATED WORK

Researchers have explored several VR techniques for providing guid-
ance during a motor task. Application domains vary from learning
VR painting [25], Tai-Chi practice [10], conducting [8], tennis and
table tennis playing [12, 26], engine assembly [11], caligraphy [30],
rehabilitation and physiotherapy [23, 24], as well as augmenting
social interactions [20]. The review paper by Sigrist et al. gave a
comprehensive overview of different feedback types that the user
can receive during motor learning [21]. Apart from categorizing
the types of augmented feedback, they discussed evaluation meth-
ods, motor learning theories, and the impact of different feedback
strategies. According to their categorization, our technique falls
within training with concurrent visual feedback in a complex task
scenario. In the next section, we list the techniques and systems that
are related to our work.

2.1 Techniques and Systems
Most existing techniques that provide visual feedback during train-
ing place the guiding cues in the world around the user. For example,
EGuide rendered an extra pair of hands in the user’s periphery for
egocentric guidance of the user [8]. Similarly, the Just Follow Me
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system guided the user during calligraphy by placing an additional
translucent brush (i.e., ghost brush) in the virtual environment [30].
Systems such as YouMove [1], MotionMA [27], SleeveAR [23], and
Physio@Home [24] placed cues in the world from an allocentric per-
spective. They provided a mirrored view of the user with added cues
to serve as guides. The cues varied from realistic representations of
the user [29], abstract representation of the user (e.g., rendering of a
skeleton in YouMove [1]), to use of abstract symbols (e.g., arrows
and circles in SleeveAR [23]).

Previous work has also explored placing cues on the user’s body
and manipulation of the user’s avatar to help execute and learn
motor movement. LightGuide projected visualizations on users’ real
hands to guide their movement [22]. Visualizations such as 2D
and 3D arrows on the hand’s surface helped users execute simple
mid-air movements. Work on intermanual skill transfer [19, 28]
looked at the effects of manipulating the user’s avatar on motor
learning. For example, Xiao et al. [28] showed that practicing with
one hand while seeing the same movement in the other hand, helps
improve performance for the unpracticed hand. Similarly, Ossmy
and Mukamel showed that seeing the movement in immobile hand
as well as yoking it to passively follow the practicing hand further
improves the motor learning [19]. Such visual manipulations of the
user’s avatar are similar to the ones we apply to the practicing hand.

2.2 Problem and Evaluation

The problem domain we focus on is how to best support motor
learning by providing visual guidance during training. Sigrist et al.
characterized motor learning as a lasting increase of performance
after training, that is, once the guidance is removed. To evaluate the
effectiveness of different guidance techniques, they suggested testing
the short- and long-term retention of the practiced movement. Much
of the related work performed such an evaluation (e.g., [1, 26, 30],
while some did not (e.g., [6, 8, 22]). The latter techniques therefore
fall in a different problem domain or need further evaluation to
establish if they are suitable for motor learning.

2.3 Theoretical Background

Apart from specific techniques, previous work also investigated
the general influence of avatar manipulations. Gonzalez-Franco
et al. [9] reported the self-avatar follower effect. They found that,
under certain conditions, participants followed their avatar when it
did not overlay with their physical body, without being explicitly
instructed to do so. Cohn et al. continued their work in SnapMove in
which they mapped arbitrary physical reaching movement to a single
virtual movement and reported on drift of participant’s hand toward
the avatar’s movement [7]. The opposite effect was observed already
in the 1960s by Nielsen [18]. In his experiment, the participants
drifted away from their illusory hand during a motor task. This
effect has been frequently exploited in motion retargeting work
[2, 5, 14, 15]. For example, Azmandian et al. [2] shifted the user’s
virtual arm and hand during the reaching movement to redirect the
user’s reach towards a physical prop. Similarly, Bergström et al. [5]
warped the user’s fingers during the reaching movement to resize
the users grasp.

These contrary reactions to visual manipulation could potentially
be explained by predictive coding models where the conflicts are
minimized at different hierarchical levels [16]. That is, normally
the conflicts between proprioception and visual feedback are min-
imized. However, in case of a visual task that does not allow this,
the users decrease their reliance on proprioception and increase their
reliance on the visual feedback. In such a task, the minimization of
visual conflicts becomes more important than the minimization of
proprioceptive conflicts. We designed our hand guidance technique
to produce a self-avatar follower effect and support the minimization
of the virtual and real hand movement’s misalignment.

3 CORRECTION OF VIRTUAL HAND MOVEMENT

When learning a new hand movement, the user first builds up a
motor program [21]. Learning is often initiated by showing the
user a visual demonstration of the target movement. The movement
program is then later refined through training. Initially, users make
many errors and often need feedback to correct their movement.
Visual guidance provided during training can help in this phase of
learning. It can prevent cognitive overload, remind the users of the
next movement in a sequence, and help them notice and avoid errors.

The key idea of our approach is to correct the virtual representa-
tion of the user’s hand movement to be closer to the target movement.
The correction depends on the size of the movement error. When
the user’s hand location and pose is far removed from the target one,
the correction is large; when the subject is doing well the correction
is smaller.

The implementation of our approach has two parts, we first predict
where the user’s hand should be at any moment during the movement,
and second, we correct the hand’s virtual representation.

Depending on the type of the target movement, the prediction
can either be simple or complex. If the target movement requires
to move a hand from one point to another in a straight line, only
moving forward (e.g., as in SnapMove [7]), then it is relatively
simple to predict where the hand is supposed to be at any point
during the movement. In contrast, if the target movement is poorly
defined and requires intricate hand movements (e.g., sign language),
the prediction is more complicated. For our study, we selected a
target movement that requires a high degree of precision while being
simple to predict. The participants had to trace an invisible line
in a single movement going from left to right (see Figure 1 for an
example target movement). We predicted where the hand should be,
by using the participant’s hand location on the left-to-right axis and
projected it on the target movement.

Once we can predict with high accuracy where the user’s hand
needs to be, we can correct its virtual representation. We can either
fully correct the virtual hand by moving it to the predicted location
and pose, or we can partially correct it by moving it somewhere
between the predicted and actual location. In our initial study, we
used three variations of movement correction to investigate if they
support learning of a motor movement.

4 STUDY 1

We conducted an exploratory study to investigate the usefulness of
virtual movement correction for learning of hand movement pat-
terns. We were interested if such guidance improves the short-term
retention of the trained movement.

4.1 Participants

We recruited 30 participants via an online Oculus Quest community1.
The study was administered remotely by using participants’ personal
Oculus Quest headsets. We discarded data from participants that
experienced poor hand tracking quality. We used jitter experienced
during the measured repetitions as a proxy for the quality of hand
tracking. If a participant experienced more than ten virtual hand
moves larger than 20 cm from frame to frame during the experiment
then their data was discarded. With this criteria, we discarded the
data of 8 participants. The average age of the 22 participants left (all
male) was 31.5 years (SD = 9.3).

4.2 Hand Guidance Techniques

We had three conditions of virtual movement correction: interpola-
tion50, interpolation75 and snapping. Additionally, we had a ghost
condition (Figure 2) where the participant’s movement was guided

1https://www.reddit.com/r/oculus/
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by a ghosted hand (mimicking the state-of-the-art in movement guid-
ance [8]), and a control condition in which the participants did not
receive any guidance.

Figure 2: A transparent hand was guiding the participants through the
target movement in the ghost condition.

The five experimental conditions were implemented as follows:
control: Participant’s virtual hand was always rendered at the

hand’s actual location. Participants did not receive any guidance
during training.

ghost: The participant’s virtual hand was rendered at its actual
location, while a ghosted hand (i.e., an additional translucent hand)
indicated where to move next (Figure 2). The ghosted hand therefore
moved with the same speed as the participant’s hand while always
showing the next location and pose in the target movement.

interpolation50: The participant’s virtual hand was rendered
50% between the target location (i.e., where the hand should be) and
the actual location of the participant’s hand. Similarly, the virtual
hand’s pose was interpolated to be mid-way between the target pose
and the participant’s actual hand pose.

interpolation75: The participant’s virtual hand was rendered
75% of the way between the target location and the actual location of
the participants’ hand. The virtual hand’s pose was also interpolated
to be three-quarters of the way between the target pose and the
participant’s actual pose.

snapping: The participants’ virtual hand was rendered at (i.e.,
snapped to) the target location and in the target pose throughout the
task.

All conditions were set in an identical virtual environment with
minimal visual distractions. The virtual floor was textured with a
grid pattern to aid the depth perception (see Figure 2).

4.3 Design
We used a within-subject design and a Graeco-Latin square to bal-
ance the five conditions and the five target movements the partici-
pants were instructed to repeat (see Figure 3 for target paths).

4.4 Procedure
Each experimental condition consisted of a training block and a test
block. The participants started with the training block in which they
needed to replicate a target movement in mid-air as many times
as possible within 40 seconds. The target movement was shown
to them before the training by an animated hand performing the
movement three times. The index finger tip of the animated hand
traced one of the target paths (see Figure 3 for the target paths);
the target path was not visible during the animation. Once the
participants started the training, they were guided by using one of
the five techniques described in Section 4.2. After completing the
training block, the participants were given a Likert-scale question
about the task difficulty. Once they answered the question, they

Figure 3: The five target paths the participants needed to trace mid-
air with their index finger in Study 1. Several paths were randomly
generated in a plane from half-period sine waves of two different
amplitudes – 7.5 and 15 cm. Each path was assembled from three
wave segments and a straight segment at the beginning and end of
the path. Among the generated paths, we selected five of them of
approximately equal difficulty through pilot testing. The paths were
never directly shown to the participants.

started the test block (i.e., short-term retention test), where they
were instructed to repeat the movement from the training block as
many times as possible within 20 seconds. Participants were not
shown the target movement again before starting the test block, nor
did they receive any guidance during the test block. They could only
rely on what they learned in the training block.

This procedure was the same for each condition; each participant
went through it a total of five times. Once the participants completed
the experiment, the study application sent the logged movement
data to a remote server. Finally, they were asked to fill a post-study
questionnaire and received a Steam2 game worth 15$ as a reward.

5 STUDY 1: RESULTS

The main performance metric used to compare the conditions was
the accuracy of the executed movements. We used mean squared
error (MSE) as a proxy for accuracy and compared the absolute
performance in the training block, the absolute performance in the
test block (i.e., short-term retention test), and the performance in-
crease from the training block to the test block. We also investigated
how performance changed over time, the perceived task difficulty,
and compared the total number of repetitions the participants exe-
cuted per condition. For the analysis, we used linear mixed effects
models (LMM) due to the advantages over more commonly used
ANOVA [3, 4, 17].

5.1 Number of Repetitions

The LMM analysis did not reveal any significant differences in the
number of executed repetitions among the conditions for neither
the training block (F(4,84) = 2.167, p = 0.08) nor the test block
(F(4,84) = 2.167, p = 0.08). In the training block, the participants
on average executed 12.15 repetitions (SD = 3.13), while in the test
block the mean number of repetitions was 5.81 (SD = 1.57). Figure
4 shows the mean number of repetitions per condition for the training
and test block.

Lack of differences in the number of repetitions indicates that
participants executed the mid-air movements with similar speed,
independent of the guidance technique used in the training block.

2https://store.steampowered.com/
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Figure 4: Mean number of repetitions per condition for the training
and test block in Study 1. The error bars represent the standard error
of the mean.

5.2 Movement Accuracy
We compared the accuracy of the executed movements between the
conditions to see if any of the guidance techniques were better at
supporting learning of the target movements. The accuracy mea-
sure we used was the mean squared error (MSE) of the executed
movement over the target movement. We calculated the error by
squaring the difference between the index finger’s logged position
and the target position (i.e., where on the target path the index finger
should be) for each point on the target path. To calculate the MSE
of a repetition, we summed all the errors and divided the sum with
the number of them. To calculate the MSE for a specific condition
we averaged the MSE across all the repetitions for a participant and
then averaged again across all participants. Figure 6 shows the MSE
for each of the conditions for the training and test block, and the
performance improvement (i.e., decrease in MSE) from the training
to test block.

To see if there are significant differences between conditions,
we conducted an LMM analysis. The analysis of absolute accu-
racy in the training block did not reveal a main effect of condition
on MSE (F(4,84) = 1.313, p = 0.272). Thus, participants did not
significantly benefit from any guidance during the training.

The analysis of absolute accuracy in the test block found a main
effect of condition on MSE (F(4,84) = 3.931, p < 0.01). A post
hoc pairwise comparison test with Bonferroni adjustment showed
significantly lower MSE for the snapping condition when compared
to the control condition (p = 0.046).

The analysis of accuracy improvement from the training to test
block found a main effect of condition on MSE improvement
(F(4,84) = 5.169, p < 0.001). The post hoc pairwise comparison
with Bonferroni adjustment found that accuracy in snapping and
interpolation75 conditions significantly improved (p = 0.005 and
p = 0.012, respectively) when compared to the control condition.

To better understand the size of the movement errors, Figure
5 shows a movement plot and MSE of a select participant in the
snapping condition. The participant’s accuracy in the training block
was poor and good in the test block.

5.3 Perceived Difficulty
After the training in each experimental condition, the participants
answered a Likert-scale question on task difficulty. The LMM anal-
ysis did not reveal any significant differences in perceived difficulty

Figure 5: Logged movement in the y-x plane for the snapping condition
for one of the participants in Study 1. The blue line shows the target
path while the red line shows the mean trajectory of the participant’s
index finger; the orange interval indicates the standard error of the
mean.

among conditions (F(4,84) = 0.773, p = 0.546).

5.4 Learning Effect

To investigate the learning effect, we used the correlation of MSE
and time for the training and test block. The Pearson correlation
coefficients indicate a weak positive correlation to no correlation
in MSE over time (see Table 1). Lack of negative correlation in-
dicates that MSE did not decrease with time during the training
block, meaning that participants did not get more accurate during
training. Furthermore, the Pearson correlation coefficients suggest
that participants were less accurate with time in most conditions
(e.g., in the control condition in the training block).

control ghost inter50 inter75 snapping
Training r = 0.30 r = 0.20 r = 0.16 r = 0.09 r = 0.08

p < 0.001 p < 0.001 p = 0.01 p = 0.15 p = 0.20
Test r = 0.22 r = 0.14 r = 0.03 r = 0.20 r = 0.12

p = 0.01 p = 0.11 p = 0.71 p = 0.02 p = 0.16
Table 1: Pearson correlation coefficients and p-values for time and
MSE for the training and test block of Study 1.

5.5 Summary

The results of Study 1 suggest that correcting participants’ virtual
movement helps learning of a target movement. Training with snap-
ping guidance increased the accuracy of participants in the short-
term retention test (i.e., the test block). Similarly, snapping and
interpolation75 improved the most from the training to test block.
While interpolation50 also performed well, the analysis did not show
significant difference when compared to other conditions. Full cor-
rection of virtual movement (i.e., snapping) was better at supporting
learning than partial correction (i.e., interpolation).

We expected to see a clear increase or decrease in performance
from interpolation50, interpolation75 to snapping, however, there
was no clear relationship between the three conditions. A more
complex approach than interpolation may be needed for varying the
degree of virtual movement correction.

We did not notice any clear patterns of improvement within the
blocks. The correlation analysis does not indicate an improvement
in accuracy during the training or test, even when there is a large
improvement in accuracy from the training block to the test block.
To confirm the findings from Study 1, we decided to replicate it
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Figure 6: Mean MSE across participants for training and test block, and the relative improvement in MSE from the training to test block in Study 1.

while keeping only the best performing correction condition (i.e.,
snapping).

6 STUDY 2
Study 2 replicated the initial study while removing the interpola-
tion50 and interpolation75 conditions. With replication, we intended
to confirm the benefits of the virtual movement correction for short-
term retention of the target movement and to confirm the surprising
lack of improvement during training. We kept only one of the vir-
tual movement correction conditions (snapping) as we were more
interested in the general effects than the effects of specific variations
(e.g., degree of correction) of the virtual movement correction tech-
nique. Furthermore, having only one virtual movement correction
condition avoided any potential training effect across conditions.
Our hypotheses for Study 2 were that virtual movement correction
(i.e., snapping) will outperform the control and the ghost condition
in the short-term retention test, and that snapping will show the
largest performance improvement from the training to test block. In
other words, except for snapping significantly outperforming ghost,
we expected to replicate the results from the Study 1.

6.1 Participants
We recruited participants over online Oculus Quest communities
until we had 36 validated data sets (1 female, 35 male, age M = 28.7,
SD = 8.23). To validate the data sets, we used the same criteria
as in Study 1 and discarded the data from three participants that
experienced hand tracking problems during the tasks. The drastic
reduction of the rejected data when compared to the the Study 1
was due to the added screening test that the participants had to take
before starting the experiment. In the screening test, the participant’s
hand tracking quality was evaluated in a simple target selection task.
If the participant’s hand tracking quality was under a predetermined
threshold, then the study application did not allow them to proceed to
the experiment. In such a case, the participants were encouraged to
find a room with better lighting conditions and try the screening test
again. We conducted Study 2 two months after the initial study and
did not limit the participation to only those who did not take part in
Study 1. We assumed that after such a time span any carryover effect
from Study 1 would be negligible. In the post-study questionnaire
only one participant stated that he took part in Study 1.

6.2 Design
In Study 2 we used control, ghost and snapping conditions, imple-
mented as in Study 1. We selected the three target paths from Study
1 with the least deviation from their overall mean MSE. The selected
target paths were T1, T4 and T5, as seen in Figure 3. We used a

within-subject design and balanced the conditions and target paths
by using all 36 combinations and order permutations.

6.3 Procedure

Except for the screening test and fewer conditions, the study proce-
dure was identical to the one of Study 1. The study took approxi-
mately 20 minutes and the participants were given a Steam game
worth 15$ as a reward for their participation.

7 STUDY 2: RESULTS

We conducted an identical LMM analysis to Study 1, using MSE as
our main performance metric, while also looking into the learning
effect and the number of executed repetitions per condition.

7.1 Number of Repetitions

As in Study 1, there were no significant differences (F(2,70) =
0.236, p = 0.79) in the number of repetitions between the condi-
tions in the test block (M = 6.15,SD = 2.05). We found a main
effect of condition on the number of repetitions in the training block
(F(2,70) = 9.555, p < 0.001). Tukey’s post hoc test revealed that
in the training block participants executed significantly more repe-
titions (p = 0.001) in the ghost condition (M = 13.72,SD = 3.54)
than in the control condition (M = 11.58,SD = 3.5). There were
no interaction effects between the snapping and ghost, and snap-
ping and control condition. Figure 8 shows the mean number of
repetitions per condition for the training and test block.

7.2 Movement Accuracy

Study 2 confirmed our hypothesis of snapping performing better
than the control condition, and rejected our hypothesis of snapping
outperforming ghost as they did not differ significantly (see Figure
7).

The analysis with LMM revealed a main effect of condition on
MSE in the test block (F(2,70) = 6.082, p < 0.01). Tukey’s post
hoc test showed that snapping (p = 0.005) and ghost (p = 0.025)
were significantly more accurate than the control condition (Figure 7,
middle). We also found a main effect of condition on improvement in
accuracy from training to test block (F(2,70) = 11.647, p < 0.001).
Tukey’s post hoc test showed that the improvement in accuracy
from training to test block was significantly larger for snapping
(p < 0.0001) and ghost (p < 0.01) when compared to the control
condition (Figure 7, right). In the control condition, the participants
were less accurate in the test block than in the training block.

We did not find any significant differences between the conditions
in the training phase (F(2,70) = 0.428, p = 0.654), indicating that
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Figure 7: Mean MSE across participants for training and test block, and the relative improvement in MSE from the training to test block in Study 2.

guidance used in snapping and ghost did not impact the accuracy
during training (Figure 7, left).

7.3 Perceived Difficulty
As in Study 1, the LMM analysis of the Likert-scale answers on
task difficulty did not find a main effect of condition (F(2,70) =
0.843, p = 0.435). This means that all the conditions were judged as
equally difficult, suggesting that the participants were not negatively
impacted by the misalignment between the virtual and the real hand
that the snapping introduced.

7.4 Learning Effect
Similarly as in Study 1, we found weak to no correlations between
MSE and time, which indicates no improvement in accuracy during
the training block. Table 2 shows Pearson correlation coefficients
and p-values for each of the conditions per block.

7.5 Summary
Study 2 confirmed the benefits of virtual movement correction for
the learning of hand movement while not finding any significant
differences between the snapping and ghost conditions. Furthermore,

Figure 8: Mean number of repetitions per condition for the training
and test block in Study 2. The error bars represent the standard error
of the mean.

control ghost snapping
Training r = 0.21 r = 0.01 r = 0.12

p < 0.001 p = 0.05 p < 0.01
Test r = 0.08 r = 0.07 r = 0.11

p = 0.23 p = 0.29 p = 0.11
Table 2: Pearson correlation coefficients and p-values for time and
MSE for the training and test block of Study 2.

Study 2 confirmed the lack of clear improvement in accuracy during
the training.

8 DISCUSSION

We have demonstrated that training in which the participant’s virtual
movement is corrected, significantly improves performance in the
short-term retention test when compared to training without the
correction. The effectiveness of such training was comparable to
training with a conventional VR guidance technique (i.e., ghosted
hand).

The results of Study 1 show that full correction of virtual move-
ment (i.e., snapping) supported learning better than partial correction
(i.e., interpolation50 and interpolation75). Nevertheless, there is a
noticeable positive trend in improvement from the training block to
the test block for interpolation conditions (Figure 6). The benefit of
only partially correcting the virtual movement is that it introduces
less misalignment between the location of participant’s real and
virtual hand than the full correction of movement. For example,
interpolation50 displaced the participant’s virtual hand only halfway
towards the target location compared to snapping. In our task, the
smaller misalignment of the interpolation conditions did not out-
weigh the benefits of full correction. We speculate that snapping
might have supported learning better because it showed the partici-
pants the exact target movement. Seeing the exact movement could
be especially crucial in the early phases of motor learning, when the
participant is not yet familiar with the movement. In later phases of
learning, perhaps the partial correction of movement would be more
beneficial.

Surprisingly, we did not observe an improvement in accuracy
over time during training. This could be due to many reasons. For
instance, participants might have become progressively more tired
and consequently less accurate with time; they might have forgotten
the movement’s exact details when training without guidance; or
they might have felt rushed towards the end by the training block
countdown timer. Furthermore, we noticed that two participants had
little regard for accuracy during the training block of the snapping
condition. They executed the movement almost in a straight line
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from the marked starting point to the ending point. These partic-
ipants still benefited from training with snapping and performed
better in the test block than in the control condition. We did not
instruct the participants in any specific strategy they should or should
not take during the task. Therefore the performance of the mentioned
two participants was valid and analyzed the same as others.

The field of human-computer interaction (HCI) only rarely dis-
cusses the importance, or lack thereof, of immediate improvement
during training for motor learning. One exception is a paper by
Kirsh, which describes how marking, a simplified or abstracted form
of movement, is used in dance during practice [13]. The dancers
execute a partial or a substitute movement while imagining the full
movement. Kirsh listed general benefits of marking, such as requir-
ing less energy, and benefits of it over pure mental simulation in
which there is no movement at all. The performance of two partici-
pants, that were moving their hand almost in a straight line during
training in snapping condition, could be interpreted as marking the
movement. Such marking could have additional benefits when done
in VR, since the users can see the full practiced movement instead of
just imagining it as in Kirsh’s description of marking practice [13].

The self-avatar follower effect [9] is another mechanism that
might have influenced our results. The effect suggests that users
will start following their avatar’s movement to minimize the mis-
alignment between the virtual and the real hand. The effect differs
from marking and might be at work during training in the snapping
condition for most of the participants. Participants were as accu-
rate at executing the target movement in the snapping condition as
they were in the ghost condition (Figure 6 left, and 7 left). This is
interesting when considering that participant’s virtual performance
(i.e., the movement the participant saw in VR) in the snapping con-
dition would be perfectly accurate irrespective of trying to align the
physical hand with their virtual hand or not. The fact that the partici-
pants did align their hand with their avatar’s hand might therefore be
described as self-avatar follower effect. The participants’ accuracy
did not improve over time during the training (see Table 1 and 2),
however, this could be explained by the self-avatar follower effect
appearing immediately after starting the training. This speculation
is also supported by results of immediate avatar correction (when
contrasted to gradual) in the work of Gonzalez-Franco et al. [9]

9 LIMITATIONS AND FUTURE WORK

It is difficult to predict how well our findings generalize to motor
tasks of different complexity and difficulty. Based on the review
paper by Sigrist et al. [21], our experimental task falls within the
complex type, as it has several degrees of freedom and cannot be
mastered in a single practice session. The participants needed to
trace an invisible path with their index finger, moving and rotating
their hand and fingers freely. The target paths were multi-segment
curves generated in a plane, however, to trace them accurately the
participants needed to move their hand within a 3D space. Move-
ments of similar complexity could, for example, be used as a control
gesture in VR applications or for drawing in mid-air. However, it
is unclear how well the virtual movement correction would work in
motor tasks that, for example, required dexterous movement of all
the fingers, higher degree of accuracy, or memorization of longer
movement sequences. Future work should therefore investigate mo-
tor tasks of different complexity. One application we find especially
interesting is learning of sign language. A sing correction system,
conceptually similar to one used for text input correction, might
prove immediately useful for communication while possibly have
lasting long term improvements.

Apart from investigating other motor task of different complex-
ities, future work should also collect data over longer periods of
time. It is unclear how virtual movement correction affects long-
term retention of the practiced movement as well as what are the
benefits of such training in later stages of motor learning. In their

review paper of augmented feedback, Sigrists et al. [21] suggested
that concurrent feedback is most efficient in early phases of motor
learning. Investigating how to integrate correction techniques with
other types of feedback (e.g., terminal feedback or feedback in other
modalities) is therefore another interesting research direction.

10 CONCLUSION

We investigated learning of a motor skill with a help of VR hand
guidance technique. The technique corrected the participant’s virtual
hand movement to be more accurate than the the participant’s actual
movement. In the first experiment, we compared three levels of cor-
rection (interpolation50, interpolation75 and snapping) to a control
condition and a conventional hand guidance technique (viz., ghost).
In the second experiment, we replicated the initial experiment with
only one of the correction conditions (viz., snapping). The two ex-
periments showed that the correction of virtual movement supported
motor learning by improving the short-term retention of the practiced
movement. Apart from supporting motor learning, the investigated
technique has other benefits, such as immediate improvement of the
virtual performance during training. By embedding the guidance
in the user’s avatar it also minimizes visual distractions. We con-
nect the technique to past work on manipulating visual feedback for
the purpose of user guidance and interpret the results of our study
through self-avatar follower effect [9] and marking [13] theory.
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[4] D. Bates, M. Mächler, B. Bolker, and S. Walker. Fitting linear mixed-
effects models using lme4. Journal of Statistical Software, 67(1):1–48,
2015.

[5] J. Bergström, A. Mottelson, and J. Knibbe. Resized grasping in vr:
Estimating thresholds for object discrimination. In Proceedings of
the 32nd Annual ACM Symposium on User Interface Software and
Technology, pages 1175–1183, 2019.

[6] F. Biocca, A. Tang, C. Owen, and F. Xiao. Attention funnel: Om-
nidirectional 3d cursor for mobile augmented reality platforms. In
Proceedings of the SIGCHI Conference on Human Factors in Comput-
ing Systems, CHI ’06, page 1115–1122, New York, NY, USA, 2006.
Association for Computing Machinery.

[7] B. Cohn, A. Maselli, E. Ofek, and M. Gonzalez Franco. Snapmove:
Movement projection mapping in virtual reality. In IEEE AIVR 2020,
December 2020.

[8] M. Dürr, R. Weber, U. Pfeil, and H. Reiterer. Eguide: Investigating
different visual appearances and guidance techniques for egocentric
guidance visualizations. In Proceedings of the Fourteenth International
Conference on Tangible, Embedded, and Embodied Interaction, pages
311–322, 2020.

[9] M. Gonzalez-Franco, B. Cohn, E. Ofek, D. Burin, and A. Maselli. The
self-avatar follower effect in virtual reality. In 2020 IEEE Conference
on Virtual Reality and 3D User Interfaces (VR), pages 18–25, 2020.

452



[10] P.-H. Han, Y.-S. Chen, Y. Zhong, H.-L. Wang, and Y.-P. Hung. My
tai-chi coaches: An augmented-learning tool for practicing tai-chi
chuan. In Proceedings of the 8th Augmented Human International
Conference, AH ’17, New York, NY, USA, 2017. Association for
Computing Machinery.

[11] S. J. Henderson and S. K. Feiner. Augmented reality in the psychomotor
phase of a procedural task. In 2011 10th IEEE International Symposium
on Mixed and Augmented Reality, pages 191–200. IEEE, 2011.

[12] S. Jiang and J. Rekimoto. Mediated-timescale learning: Manipulating
timescales in virtual reality to improve real-world tennis forehand
volley. In 26th ACM Symposium on Virtual Reality Software and
Technology, VRST ’20, New York, NY, USA, 2020. Association for
Computing Machinery.

[13] D. Kirsh. How marking in dance constitutes thinking with the body.
2011.

[14] L. Kohli. Redirected touching: Warping space to remap passive haptics.
In 2010 IEEE Symposium on 3D User Interfaces (3DUI), pages 129–
130. IEEE, 2010.

[15] L. Kohli, M. C. Whitton, and F. P. Brooks. Redirected touching: Train-
ing and adaptation in warped virtual spaces. In 2013 IEEE Symposium
on 3D User Interfaces (3DUI), pages 79–86. IEEE, 2013.

[16] J. Limanowski and F. Blankenburg. Minimal self-models and the free
energy principle. Frontiers in human neuroscience, 7:547, 2013.

[17] H. Matuschek, R. Kliegl, S. Vasishth, H. Baayen, and D. Bates. Balanc-
ing type i error and power in linear mixed models. Journal of Memory
and Language, 94:305–315, 2017.

[18] T. I. Nielsen. Volition: A new experimental approach. Scandinavian
journal of psychology, 4(1):225–230, 1963.

[19] O. Ossmy and R. Mukamel. Neural network underlying intermanual
skill transfer in humans. Cell reports, 17(11):2891–2900, 2016.

[20] D. Roth, G. Bente, P. Kullmann, D. Mal, C. F. Purps, K. Vogeley,
and M. E. Latoschik. Technologies for social augmentations in user-
embodied virtual reality. In 25th ACM Symposium on Virtual Reality
Software and Technology, VRST ’19, New York, NY, USA, 2019.
Association for Computing Machinery.

[21] R. Sigrist, G. Rauter, R. Riener, and P. Wolf. Augmented visual,
auditory, haptic, and multimodal feedback in motor learning: a review.
Psychonomic bulletin & review, 20(1):21–53, 2013.

[22] R. Sodhi, H. Benko, and A. Wilson. Lightguide: Projected visualiza-
tions for hand movement guidance. In Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems, CHI ’12, page
179–188, New York, NY, USA, 2012. Association for Computing
Machinery.

[23] M. Sousa, J. a. Vieira, D. Medeiros, A. Arsenio, and J. Jorge. Slee-
vear: Augmented reality for rehabilitation using realtime feedback.
In Proceedings of the 21st International Conference on Intelligent
User Interfaces, IUI ’16, page 175–185, New York, NY, USA, 2016.
Association for Computing Machinery.

[24] R. Tang, X.-D. Yang, S. Bateman, J. Jorge, and A. Tang. Physio@home:
Exploring visual guidance and feedback techniques for physiotherapy
exercises. In Proceedings of the 33rd Annual ACM Conference on
Human Factors in Computing Systems, CHI ’15, page 4123–4132, New
York, NY, USA, 2015. Association for Computing Machinery.

[25] B. Thoravi Kumaravel, C. Nguyen, S. DiVerdi, and B. Hartmann.
Tutorivr: A video-based tutorial system for design applications in
virtual reality. In Proceedings of the 2019 CHI Conference on Human
Factors in Computing Systems, CHI ’19, New York, NY, USA, 2019.
Association for Computing Machinery.

[26] E. Todorov, R. Shadmehr, and E. Bizzi. Augmented feedback presented
in a virtual environment accelerates learning of a difficult motor task.
Journal of motor behavior, 29(2):147–158, 1997.

[27] E. Velloso, A. Bulling, and H. Gellersen. Motionma: Motion mod-
elling and analysis by demonstration. In Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems, CHI ’13, page
1309–1318, New York, NY, USA, 2013. Association for Computing
Machinery.

[28] S. Xiao, X. Yeb, Y. Guobl, B. Gaoc, and J. Longy. Transfer of coordi-
nation skill to the unpracticed hand in immersive environments. IEEE,
2020.

[29] S. Yan, G. Ding, Z. Guan, N. Sun, H. Li, and L. Zhang. Outsideme:

Augmenting dancer’s external self-image by using a mixed reality
system. In Proceedings of the 33rd Annual ACM Conference Extended
Abstracts on Human Factors in Computing Systems, CHI EA ’15, page
965–970, New York, NY, USA, 2015. Association for Computing
Machinery.

[30] U. Yang and G. J. Kim. Implementation and evaluation of “just follow
me”: An immersive, vr-based, motion-training system. Presence:
Teleoperators & Virtual Environments, 11(3):304–323, 2002.

453


