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Abstract
Background: Complex motor tasks in immersive virtual reality using a head-mounted display (HMD-VR)
have been shown to increase cognitive load and decrease motor performance compared to conventional
computer screens (CS). Separately, visuomotor adaptation in HMD-VR has been shown to recruit more
explicit, cognitive strategies, resulting in decreased implicit mechanisms thought to contribute to motor
memory formation. However, it is unclear whether visuomotor adaptation in HMD-VR increases cognitive
load and whether cognitive load is related to explicit mechanisms and long-term motor memory
formation.

Methods:  We randomized 36 healthy participants into three equal groups. All groups completed an
established visuomotor adaptation task measuring explicit and implicit mechanisms, combined with a
dual-task probe measuring cognitive load. Then, all groups returned after 24-hours to measure retention
of the overall adaptation. One group completed both training and retention tasks in CS (measuring long-
term retention in a CS environment), one group completed both training and retention tasks in HMD-VR
(measuring long-term retention in an HMD-VR environment), and one group completed the training task in
HMD-VR and the retention task in CS (measuring context transfer from an HMD-VR environment). A
Generalized Linear Mixed-Effect Model (GLMM) was used to compare cognitive load between CS and
HMD-VR during visuomotor adaptation, t-tests were used to compare overall adaptation and explicit and
implicit mechanisms between CS and HMD-VR training environments, and ANOVAs were used to
compare group differences in long-term retention and context transfer.

Results: Cognitive load was found to be greater in HMD-VR than in CS. This increased cognitive load was
related to decreased use of explicit, cognitive mechanisms early in adaptation. Moreover, increased
cognitive load was also related to decreased long-term motor memory formation. Finally, training in HMD-
VR resulted in decreased long-term retention and context transfer.

Conclusions: Our �ndings show that cognitive load increases in HMD-VR and relates to explicit learning
and long-term motor memory formation during motor learning. Future studies should examine what
factors cause increased cognitive load in HMD-VR motor learning and whether this impacts HMD-VR
training and long-term retention in clinical populations.

Background
Immersive virtual reality using a head-mounted display (HMD-VR) has been increasingly used for motor
learning and rehabilitation purposes [1]. Recent technological developments in HMD-VR have made these
devices obtainable at relatively low costs. Driving factors for using HMD-VR in motor rehabilitation
include the ability to replicate and even go beyond the real world, allowing for researchers and clinicians
to have increased control of the training environment and tailor it for each patient’s needs [1]. Moreover,
use of these devices have been shown to increase motivation and engagement and allow for patients to
spend more time actively engaged in therapy [2–4]. However, while some applications of interventions
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performed in HMD-VR have shown to be either comparable or superior to the same intervention
performed in a conventional rehabilitation setting [5–7], other applications have been less effective than
conventional environments [8–10]. There is also inconclusive and con�icting evidence about whether
motor skills learned in HMD-VR will transfer to the real world, and reasons underlying a lack of contextual
transfer are unclear [11, 12]. These �ndings suggest that there may be instances when the use of HMD-
VR could potentially result in less effective motor learning. Understanding what makes learning motor
skills in HMD-VR different from learning motor skills in the real world can better inform the design of
HMD-VR applications so that they can be transferred to new environments and be more effective for
clinical populations.

Evidence suggests that motor skills are learned differently between HMD-VR and conventional
environments [11]. A �rst potential difference is the movement kinematics within each environment.
Studies comparing movements made by individuals both with and without motor impairments found
movements in an HMD-VR environment to be slower and less smooth compared to a real-world
environment [13, 14]. These results suggest that movement parameters, especially when a virtual avatar
is present, should be monitored in HMD-VR motor learning applications. A second potential difference is
the underlying motor learning mechanisms used in each environment. HMD-VR has been shown to recruit
greater explicit, cognitive strategies during visuomotor adaptation compared to a conventional computer
screen (CS), suggesting that the process by which motor skills are acquired in HMD-VR may be different
than in conventional environments [15]. Speci�cally, these �ndings suggest that motor learning in HMD-
VR may require additional cognitive processing compared to conventional environments.

Converging evidence supports this and shows that cognitive load increases during highly stressful and
complex motor tasks in HMD-VR compared to CS environments [16–18]. Cognitive load is the amount of
information that can be held in working memory at one time. The theoretical construct of cognitive load
suggests that novel information (e.g., a new visuomotor mapping) can be encoded in long-term memory
when the load on working memory is within working memory limits [19]. Increased cognitive load in HMD-
VR, measured by the attentional demands of a secondary task during complex motor tasks, is shown to
decrease motor performance compared to CS [16]. However, it is unclear whether HMD-VR-related
increases in cognitive load and decreases in motor performance result in decreased long-term motor
memory formation, which is critical for clinical uses. Based on the theoretical framework of cognitive
load, we hypothesized that an increase in cognitive load during HMD-VR motor tasks would be related to
a decrease in motor memory formation, resulting in both decreased long-term retention and context
transfer.

To examine this hypothesis, we �rst aimed to examine differences in cognitive load between HMD-VR and
CS during a visuomotor adaptation task. Visuomotor adaptation is thought to be an error-driven process
driven by competing explicit and implicit mechanisms updated on a trial-by-trial basis [20, 21]. Explicit
mechanisms are thought to be important early in adaptation and re�ect the cognitive strategies used to
adapt to experienced perturbations. Implicit mechanisms, on the other hand, develop over the course of
adaptation and re�ect a recalibration of an internal model, thought to represent a mapping between the
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desired goal and the appropriate motor response to accomplish the goal [22, 23]. Explicit processes are
also found to be affected by a secondary cognitive task, while implicit processes are not affected by the
interference [24]. As previously mentioned, HMD-VR has been shown to recruit greater explicit, cognitive
strategies during visuomotor adaptation. However, it is not known whether the recruitment of greater
cognitive strategies is related to increased cognitive load. Thus, the second aim of this study is to
examine the relationship between explicit mechanisms and cognitive load during visuomotor adaptation.
This was done by combining an established visuomotor adaptation task with a dual-task probe
measuring attentional demands to assess cognitive load and by training individuals in either an HMD-VR
or CS environment. After training on the visuomotor adaptation task with the dual-task probe, participants
returned after a 24-hour retention period to measure long-term retention as well as HMD-VR context
transfer. To address the third aim of this study, we then examined the relationship between cognitive load
and long-term motor memory and context transfer of the overall adaptation. By measuring attentional
demands throughout the visuomotor adaptation process, we then examined whether the cognitive load
during training is related to long-term retention and context transfer.

Methods
Participants

Forty-one participants were recruited for the study. Two participants did not complete the experiment due
to an inability to follow instructions (CS: N = 2). From the thirty-nine participants who completed the
experiment, one was removed due to a previous knee injury that hindered their ability to press the foot
pedal on the dual-task probe (CS: N = 1) and two were removed due to missing greater than 25% of the
dual-task probe trials (HMD-VR: N = 2). This resulted in thirty-six participants included in the �nal training
analysis, with N = 12 training in the CS environment and N = 24 training in the HMD-VR environment (22
female/14 male; aged: M = 26.3, SD = 4.6). For the �nal retention analysis, participants training in the
HMD-VR environment were equally divided into two groups, where half of participants continued in the
HMD-VR environment (N = 12), and the other half transferred to the CS environment (N = 12; see
Retention for details). Eligibility criteria included right-handed individuals with no neurological
impairments and normal or corrected-to-normal vision. Data were collected in-person during the COVID-19
pandemic, and all participants wore surgical masks for the duration of the experiment. Written informed
consent was electronically obtained from all participants to minimize in-person exposure time at the lab.
The experimental protocol was approved by the USC Health Sciences Campus Institutional Review Board
and performed in accordance with the 1964 Declaration of Helsinki.

Experimental Apparatus

Participants completed an established visuomotor adaptation task modi�ed with a dual-task probe to
measure attentional demands (Fig. 1A) [15, 25, 26]. The task was completed in either a CS or HMD-VR
environment. The HMD-VR environment used an Oculus Quest (Fig. 1B) and showed an environment
modeled after the CS environment (Fig. 1C). In both environments, participants grasped a digitalized
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stylus with their right hand and reached for one of eight pseudorandomized targets using a tablet
(Wacom Intuos4 Extra Large). Movement trajectories were sampled at 60 Hz in both CS and HMD-VR
environments. To control for potential differences in movement kinematics, participants were unable to
see their bodies in either environment (i.e., bodies were covered using a cloth cover in CS and no virtual
avatar was provided in HMD-VR). Instead, visual feedback of the stylus was provided in the form of a red
circular cursor (5 mm diameter) and displayed on an upright computer monitor set on a large box which
was placed over the tablet. The computer monitor located in the CS environment was a 24.1 inch,
1920x1200 pixel resolution computer monitor (HP) located 23 cm above the tablet. The HMD-VR
environment replicated the dimensions of the computer monitor as well as all the other aspects of the
room and was designed using the game engine development tool, Unity 3D (version 2019.4.11f1). There
were no differences between CS and HMD-VR environments in how participants were able to move.
Participants were given the opportunity to explore the virtual environment before beginning the task.

Experimental Design

The experiment took place over two days (Fig. 1A). On the �rst day, participants completed two long
training blocks followed by a short retention block (Blocks 1-3). On the second day, participants
completed a 24-hour retention block (Block 4) followed by an adaptation wash-out block (Block 5).
Participants completed 8 familiarization trials before starting Block 1.

Training. On the �rst day, participants completed familiarization and training (8 trials followed by Blocks
1-2, which spanned a total of 392 trials). At the start of each trial, participants moved to the start circle (7
mm diameter) located at the center of the monitor using a guiding circle that got smaller as they got
closer to the center. After remaining at the start circle for 1000 milliseconds (ms), the cursor appeared
along with one of eight pseudorandom targets (10 mm in diameter) �anked by positive and negative
numbers spaced 5.625° apart (Fig. 1D). The targets were located on an invisible outer circle with a
diameter of 28 cm and spaced 45° apart (0°, 45°, 90°, 135°, 180°, 225°, 270°, 315°). During each trial, the
target turned three different colors. The target initially appeared blue, signaling participants to verbally
report to the experimenter where they planned to aim. After 1500 ms, the target then turned yellow,
signaling participants to “get ready”. Lastly, after another 1500 ms, the target turned green, signaling
participants to reach for the target. Participants were instructed to make “fast, slicing movements”
towards the target and to shoot through the target. Reaction time (RT) was de�ned as the time between
when the target turned green and when the cursor left the start circle, and movement time (MT) was
de�ned as the time between when the cursor left the start circle and when the cursor crossed the invisible
outer circle. If the MT exceeded more than 500 ms, participants were given an auditory warning that said,
“Too Slow”. After crossing the invisible outer circle, participants received auditory feedback based on the
accuracy of their reach (i.e., a pleasant “ding” if the cursor crossed the target or an unpleasant “buzz” if
the cursor did not cross the target). Participants were also given visual endpoint feedback at the location
where the cursor crossed the invisible outer circle for 1000 ms before starting the next trial (Fig. 1E).
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Pseudorandomly, once per cycle (8 trials/cycle), an auditory cue (i.e., a horn) would sound 500 ms after
the target turned yellow. Participants were instructed to press a foot pedal located under their right foot as
quickly as possible, with the goal being to still reach for the target with their stylus as soon as it turned
green. This was adapted from Goh et al., 2014, which validated this dual-task probe measuring
attentional demands during a discrete motor task as a measure of cognitive load [26].

Before beginning training, participants watched an instructional video describing the experimental design
and providing an example of a trial. Participants were instructed to begin by aiming directly at the target
but told that at some point in the task, they may need to aim somewhere other than the target to make the
cursor land on the target. After completing a familiarization cycle (8 trials) where they were given
clarifying instructions if needed, participants then began training with the Baseline block (Block 1: 72
trials) where they made unperturbed reaches to targets. Without additional instruction, the Rotation block
began where a 45° counterclockwise perturbation was introduced. Participants needed to counteract the
perturbation for the cursor to land on the target (Block 2: 320 trials). Participants were given a two-minute
break every 100 trials. During these breaks, participants in the HMD-VR group were allowed to remove the
HMD-VR headset if desired.

Retention. After completing training, participants completed a No Feedback (Immediate) block split into
Strategy and No-Strategy cycles, counterbalanced across participants (Block 3: 16 trials). In the Strategy
cycle, participants were instructed to continue using whatever strategy they developed at the end of
training to get the cursor to land on the target. In the No-Strategy cycle, participants were told to refrain
from using any aiming strategy and instead aim directly to the target. In both cycles, numbers �anking
the target still appeared; however, participants were told to no longer report their aim and that no
feedback would be provided. The average movement angle in the Strategy cycle was used to determine
how much of the adaptation was retained. The average movement angle in the No-Strategy cycle was
used to examine the implicit processes contributing to retention. The difference between the average
movement angles in the Strategy and No-Strategy cycles was calculated to examine the explicit
processes contributing to retention. Use of the Strategy and No-Strategy cycles, called process
dissociation procedure, assumes that participants can disengage from using a cognitive strategy when
instructed to do so [27, 28]. This concluded the �rst day of the experiment. Participants returned the next
day, after a 24-hour retention interval period, and completed No Feedback (Delayed) (Block 4: 16 trials)
and Washout (Block 5: 40 trials) blocks. The No Feedback (Delayed) block was identical to the No
Feedback (Immediate) block with Strategy and No Strategy cycles, and the Washout block was identical
to the Baseline block, with the exception that participants no longer had to report their aim.

Participants who trained in the CS environment completed both No Feedback blocks as well as the
Washout block (Blocks 3-5) in the CS environment to measure long-term retention (CS-R). Half of the
participants who trained in the HMD-VR environment completed the two No Feedback and Washout
blocks in the HMD-VR environment to measure long-term retention of HMD-VR (HMD-VR-R), while the
other half completed these blocks in the CS environment to measure context transfer from HMD-VR to CS
(HMD-VR-T). As noted above, participants were randomly assigned to groups.
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Movement Analysis

All kinematic data was recorded by Unity 3D for both CS and HMD-VR environments. To assess overall
adaptation, we used the endpoint hand angle, which was measured as the moment when the cursor
crossed the invisible outer circle. Targets were rotated to a common reference angle set at 0°, and
endpoint hand angle was calculated as the difference between the reference angle and the line between
the origin and the endpoint of the hand. To assess explicit adaptation, we used aiming angle, which was
measured as the reported aim multiplied by 5.625° (i.e., the degrees separating each number on the
invisible outer circle). Positive angles indicate a clockwise direction from the target and negative angles
indicate a counterclockwise direction from the target. To assess implicit adaptation, we calculated the
difference between aiming angle and hand angle. Changes in hand angle, aiming angle, and implicit
adaptation were calculated as individual means across 8 trials per cycle. All data are reported in endpoint
hand angles, not target errors.

Statistical Analysis
Statistical analyses were conducted using R (version 3.6.3). Trials were excluded if participants failed to
report the aiming angle (0.45% of trials), moved before the target turned green (2.92% of trials), or
movements were made in the wrong direction (i.e., > 120° from target or rotation angle; 0.69% of trials)
[29]. We also removed trials where the reaction time or movement time was greater than 3 standard
deviations from the participants mean (2.87% of trials) [30, 31]. The two HMD-VR groups were combined
for the training analysis but separated for the retention analysis.

To compare attentional demands between CS and HMD-VR during visuomotor adaptation, we used a
Generalized Linear Mixed-Effect Model (GLMM) with individual participants as a random-effect variable.
The RT (ms) on the dual-task probe (i.e., cognitive load) was used as the response variable, while Training
Environment, Cycle, and a Training Environment x Cycle interaction term were used as �xed-effect
variables. We used the function “glmer” with an Inverse Gaussian family in the lme4 R package [32]. The
signi�cance of each parameter was assessed by the Wald z-statistic.

To quantify training, we used unpaired t-tests and compared the mean hand angle, aiming angle, implicit
adaptation, RT, and MT between CS and HMD-VR environments during Baseline and Rotation blocks. We
also examined differences between training environments at the End of Baseline, de�ned as the last cycle
of the Baseline block, as well in Early and Late Adaptation, de�ned as the mean of the �rst and last four
cycles of the Rotation block, respectively.

To quantify retention and context transfer, we examined both immediate and delayed forgetting,
calculated by subtracting Late Adaptation from the No Feedback (Immediate) and No Feedback
(Delayed) blocks, respectively [33]. One-factor ANOVAs were used to compare group differences and
individuals with movement angle greater than two standard deviations from the group mean in either the
Strategy or No-Strategy cycles of the No Feedback blocks were excluded from this part of the analysis. All
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measures are reported as mean ±  standard deviations in Supplementary Table 1 and 2 and signi�cance
was considered at p < 0.05.

Results
Cognitive load is greater across visuomotor adaptation in HMD-VR compared to CS

Cognitive load was larger in HMD-VR than in CS, as shown by the signi�cant coe�cient of Training

Environment (  = 167± 38, p < 0.0001). In addition, cognitive load decreased over the course of training

in both environments as shown by the negative coe�cient of Cycle (  = -0.83±0.32, p = 0.009) (Fig. 2A;
Supplementary Table 3). Cognitive load was also greater in HMD-VR than in CS during the Baseline block
(Fig. 2B; t(27.5) = -3.12, p = 0.004) and during the Rotation block (Fig. 2C; t(30.4) = -2.96, p = 0.006).
These results suggest that the attentional demands of participants in HMD-VR were greater, both with
and without perturbed reaches, compared to CS visuomotor adaptation. 

Overall visuomotor adaptation between HMD-VR and CS environments

To examine overall visuomotor adaptation between training environments, we compared hand angle
between HMD-VR and CS across the entire Baseline block and the entire Rotation block (Fig. 3A).

Baseline. Performance was similar between environments before the perturbation was introduced, with
no difference in hand angle at the End of Baseline (t(34.0) = 1.55, p = 0.130). Additionally, there were no
signi�cant differences between training environments at the End of Baseline for RT (t(33.8) = -1.19, p =
0.241) and MT (t(18.8) = -0.91, p = 0.376).

Rotation. There was a signi�cant difference in hand angle across the entire Rotation block, where overall
visuomotor adaptation was greater for CS than in HMD-VR (t(32.8) = 2.15, p = 0.039). In Early Rotation,
the hand angle was larger in CS than in HMD-VR (t(27.8) = 2.31, p = 0.028). However, there was no
difference in hand angle in Late Rotation (t(29.6) = -1.19, p = 0.244). There were no signi�cant differences
between training environments in RT (t(29.9) = -1.09, p = 0.286) and MT (t(21.5) = -0.67, p = 0.512) across
the entire Rotation block. Lastly, there were no signi�cant differences between training environments for
RT (t(32.2) = -1.07, p = 0.293) and MT (t(29.0) = -1.67, p = 0.105) in Early Rotation, nor in Late Rotation
(RT: t(33.9) = -1.14, p = 0.263; MT: t(19.2) = -0.34, p = 0.739).

Explicit and implicit contributions to visuomotor adaptation between HMD-VR and CS environments

Before examining the relationship between explicit mechanisms and cognitive load, we examined the
relative contributions of explicit and implicit mechanisms across the visuomotor adaptation task between
training environments. Aiming angle was used to measure the contributions of explicit, cognitive
mechanisms, and implicit adaptation was used to measure the contributions of implicit mechanisms.
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Baseline. There were no differences in aiming angle between environments at the End of Baseline (t(18.8)
= 0.48, p = 0.640). There was also no difference in implicit adaptation between environments at the End
of Baseline (t(30.0) = 1.11, p = 0.277). These results suggest that explicit and implicit mechanisms were
similar between environments before the perturbation was introduced.

Rotation. We examined aiming angle across the entire Rotation block and found no difference between
training environments (t(18.1) = -0.27, p = 0.787). However, in Early Rotation, aiming angle was larger in
CS than in HMD-VR (t(23.7) = 2.09, p = 0.047). Conversely, in Late Rotation, aiming angle was larger in
HMD-VR than in CS (t(14.5) = -2.28, p = 0.038). These results show that while no differences are seen
across the entire adaptation block in aiming angle, this is the result of aiming angle being greater early in
adaptation for the CS environment but greater later in adaptation for the HMD-VR environment (Fig. 3B).

Throughout the Rotation block, implicit adaptation was larger in CS than in HMD-VR (t(17.1) = 2.57, p =
0.020). In Early Rotation, there was no signi�cant difference between environments (t(18.7) = 0.47, p =
0.642). In Late Rotation, implicit adaptation was signi�cantly larger in CS than in HMD-VR (t(17.0) = 2.14,
p = 0.047). These results suggest that the differences in implicit adaptation between training
environments are driven by differences developed later in adaptation (Fig. 3C).

Relationship between cognitive load and explicit mechanisms during visuomotor adaptation

We hypothesized that cognitive load in�uences the explicit, cognitive component of adaptation.
Therefore, we examined the relationship between cognitive load and aiming strategy in early and late
adaptation, as well as across the course of adaptation. There was a signi�cant relationship between
average cognitive load and aiming angle in Early Rotation (Fig. 4; F(1,34) = 6.85, R2 = 0.168, p = 0.013),
where a higher cognitive load was related to a decreased use of an explicit, cognitive strategy early in
adaptation. There were no signi�cant relationships in Late Rotation (F(1,34) = 0.31, R2 = 0.009, p = 0.579)
or throughout Rotation (F(1,34) = 1.97, R2 = 0.055, p = 0.170). These results suggest that the increased
cognitive load may affect the explicit, cognitive component of adaptation, speci�cally during the early
stages of learning.

Immediate and long-term retention and HMD-VR context transfer

To examine retention and HMD-VR context transfer, we compared both immediate and delayed 24-hour
forgetting between CS-R, HMD-VR-R, and HMD-VR-T groups. There was no signi�cant difference between
groups for immediate forgetting (Fig. 5A; F(2,27) = 0.81, p = 0.455). There was a trending difference
between groups for delayed 24-hour forgetting (Fig. 5B; F(2,27) = 3.01, p = 0.066). Given our a priori
hypothesis that cognitive load would affect long-term retention and context transfer, we further explored
these results with post hoc analyses at delayed 24-hour forgetting. HMD-VR-R showed signi�cantly more
forgetting than CS-R (t(13.4) = 2.42, p = 0.031), and HMD-VR-T showed a trend of more forgetting than
CS-R (t(9.2) = 2.23, p = 0.052). No differences were observed between HMD-VR-R and HMD-VR-T (t(14.2)
= 0.51, p = 0.618). While these results are not strong, they suggest that training in HMD-VR could possibly
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result in less long-term retention of the adaptation, independent of whether participants were measured in
the same (HMD-VR-R) or in a different (HMD-VR-T) context.

We then examined whether the differences in long-term retention and context transfer could be explained
by differences in explicit or implicit processes. There was a signi�cant difference between groups for the
amount of explicit processes forgotten after the 24-hour retention interval (Fig. 5C; F(2,27) = 3.45, p =
0.046). Post hoc analysis showed both HMD-VR-R and HMD-VR-T groups had signi�cantly greater
forgetting of the explicit process compared to CS-R (HMD-VR-R: t(18.9) = 2.47, p = 0.023; HMD-VR-T:
t(15.0) = 2.23, p = 0.042). No differences were observed between HMD-VR-R and HMD-VR-T (t(16.6) =
0.02, p = 0.984). Separately, there was no signi�cant difference between groups for the amount of implicit
process forgotten after the 24-hour retention interval (Fig. 5D; F(2,27) = 0.42, p = 0.663).

We then examined the relationship between forgetting of the explicit process and overall 24-hour
forgetting and found that greater forgetting of explicit processes was related to decreased long-term
retention (Fig. 6A; F(1,28) = 43.38, R2 = 0.608, p < 0.0001). These results suggest that the differences
observed in the long-term retention between CS and HMD-VR groups can a explained by greater forgetting
of explicit processes.

Relationship between cognitive load and long-term motor memory formation

Since we hypothesized that cognitive load would in�uence long-term motor memories, we examined the
relationship between cognitive load and 24-hour forgetting across all groups. There was a signi�cant
relationship between average cognitive load and overall 24-hour forgetting (Fig. 6B; F(1,28) = 4.31, R2 =
0.133, p = 0.047), where a higher cognitive load was related to increased 24-hour forgetting. These results
suggest that increased cognitive load may affect the retention of the learned adaptation.

Discussion
The purpose of this study was to examine whether cognitive load increases in HMD-VR during
visuomotor adaptation compared to a conventional computer screen (CS) environment, and whether
increased cognitive load relates to long-term retention and context transfer. This was the �rst study to our
knowledge that compared cognitive load in HMD-VR with known motor learning mechanisms and
examined the relationship between cognitive load in HMD-VR with long-term motor memory formation.
We found four main results. First, we showed that cognitive load is greater in HMD-VR compared to CS
across adaptation. Second, we showed that higher cognitive load is related to decreased explicit,
cognitive mechanisms, speci�cally early in adaptation. Third, we showed that visuomotor adaptation in
HMD-VR leads to decreased long-term retention and context transfer, which appears to be due to greater
forgetting of explicit processes. Fourth, we showed that increased cognitive load is related to decreased
long-term motor memory formation. These �ndings have important implications for the development of
clinical and motor learning applications in HMD-VR.
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Cognitive load during visuomotor adaptation is greater in HMD-VR than CS and related to decreased
explicit processes early in adaptation

HMD-VR has been shown to increase cognitive load while performing complex motor skill tasks [16].
Here, we show that HMD-VR also increases cognitive load during a speci�c type of motor learning (i.e.,
visuomotor adaptation). Visuomotor adaptation is thought to be driven by explicit and implicit
mechanisms. Explicit mechanisms are important early in adaptation and are thought to rely more on
cognitive brain areas such as the dorsolateral prefrontal and premotor cortices [34–36]. Implicit
mechanisms on the other hand develop over the course of adaptation and are the re�ection of new
visuomotor mappings driven by the anterior-medial cerebellum [34, 37]. These mechanisms are thought
to work together in order to drive overall adaptation.

In this study, we found that early in adaptation, greater cognitive load was related to decreased explicit
processes and that explicit processes—and subsequently, overall adaptation performance—were lower in
HMD-VR than in CS. One interpretation of these �ndings is that greater cognitive load limits the use of
explicit processes at the time when they are the primary drivers of overall adaptation. Put another way,
increased cognitive load in HMD-VR limits the engagement of explicit processes speci�cally when they
were most important for adaptation (i.e., early in adaptation). If this interpretation is true, then cognitive
load may have the strongest affects early in the motor learning process. Motor learning in the real world
has been shown to facilitate subsequent motor learning processes in HMD-VR, suggesting that HMD-VR
may be more effectively used in later stages of motor learning [38]. Thus, initial training done without the
use of HMD-VR may then increase the effectiveness of HMD-VR applications.

Another interpretation of these �ndings is that the engagement of explicit processes is limited at times
when cognitive load is beyond working memory limits. We found that, while cognitive load was greater in
HMD-VR than in CS across adaptation, overall cognitive load decreased over the course of training.
Therefore, cognitive load may have limited the cognitive resources dedicated to the visuomotor
adaptation task when it was most needed, early in adaptation. If this interpretation is true, then cognitive
load may affect the motor learning process whenever the load on working memory is beyond working
memory limits. HMD-VR applications may need to be designed to decrease cognitive load throughout
training, or training in HMD-VR may need to be extended to reduce the early effects of cognitive load.
Future work should systematically test these two hypotheses as both interpretations would affect how
HMD-VR is effectively designed and used for motor learning applications.

Furthermore, recent evidence found suggests that a history of task errors, as opposed to a history of
sensory prediction errors, is necessary for encoding memories [39]. In sensorimotor adaptation, explicit
processes are thought to be driven by task errors and implicit processes are thought to be driven by
sensory prediction errors [40]. Therefore, a decreased use of explicit processes early in adaptation in
HMD-VR suggests that task errors were less relied on to update overall adaptation during this time. This
could potentially explain why greater cognitive load related to decreased explicit processes could then
result in decreased long-term retention.
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Similar to our �ndings in Anglin et al., 2017, here we again found that at the end of adaptation,
performance was the same whether training in HMD-VR or in CS, but the mechanisms driving
performance were different between environments. Speci�cally, at the end of adaptation, the HMD-VR
group showed a greater reliance on explicit mechanisms while the CS group showed a greater reliance on
implicit mechanisms, although the net performance was the same across groups. Our interpretation of
these results is that adaptation in HMD-VR relies more on explicit, cognitive strategies. If HMD-VR does
rely more on explicit processes than implicit processes, then this can potentially explain why the
performance was lower in HMD-VR than in CS early in adaptation, when explicit processes might have
been affected by increased cognitive load.

One potential explanation for why cognitive load may be higher in HMD-VR could be how the brain
processes vision for action. Vision for action is typically processed through the dorsal mode of control;
however, arti�cial presentations of depth information in HMD-VR may cause a shift from a dorsal to
ventral mode of control [41, 42]. A ventral mode of control is thought to be dependent on visual
perception and increased cognitive processes and therefore could potentially explain increased cognitive
load in HMD-VR during motor learning [43]. Separately, depth information has been found to uniquely
affect explicit processes and therefore could also explain why HMD-VR may rely more on explicit,
cognitive strategies [44]. Further research is needed to examine whether HMD-VR relies more on a ventral
mode of control and whether this shift in control could explain a greater reliance of explicit processes in
HMD-VR.

Visuomotor adaptation in HMD-VR leads to decreased long-term retention and context transfer

In this study, we found that training in HMD-VR resulted in decreased long-term retention. Importantly, a
decrease in retention occurred whether participants remained in an HMD-VR environment or transferred to
a new context. Although the context transfer results reported here are relatively weak, this was likely due
to large variability observed at delayed 24-hour forgetting (Fig. 5B). Both �ndings from long-term
retention and context transfer suggests that training in HMD-VR may lead to less e�cient motor memory
formation. That is, retention following training in HMD-VR cannot be explained by a context interference
effect (i.e., better retention in the same environment as training), but is rather best explained by the
training process itself.

Converging evidence suggests that explicit and implicit processes are homologous with the fast and slow
processes of a dual-state model of sensorimotor learning [45]. The fast process generally dominates
early in adaptation, responding strongly to error but exhibiting fast forgetting, while the slow process
increases gradually, becoming stable over time and contributing to motor memory formation [46, 47].
Importantly, the slow process is thought to predict long-term retention, suggesting that implicit adaptation
may also predict long-term retention. Implicit adaptation at the end of training was lower in HMD-VR than
in CS and could potentially explain the decreased long-term retention and context transfer. We also found
that long-term retention was related to greater forgetting of explicit processes. Taken together, these
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�ndings suggest that an increased reliance of explicit processes in visuomotor adaptation may lead to
less e�cient motor memory formation, explained by fast forgetting of explicit processes.

Cognitive load is related to decreased long-term motor memory formation

Cognitive load was found to be related to decreased motor memory formation. While this relationship
was relatively weak, this �nding indicates that the cognitive load increased by HMD-VR could directly
affect the retention of a motor memory. Given that cognitive load during motor learning seems to have a
negative effect on motor memory formation, HMD-VR motor learning applications should consider
measuring cognitive load. Importantly, here we found that for both training environments, the cognitive
load decreased over the course of adaptation. This �nding has important implications for HMD-VR
applications because it suggests that even though cognitive load may initially be high, it can decrease
with practice or exposure. Motor learning applications and rehabilitation interventions in HMD-VR may
need more training compared to conventional training environments to develop similar levels of motor
skills. Future studies should look to see if continued training in HMD-VR could increase retention by
decreasing cognitive load if people are given more time to practice.

Limitations

A limitation of this study was the use of a computer screen to measure context transfer from HMD-VR.
Using a computer screen allowed for a well-controlled study design as the only difference between HMD-
VR and CS environments was the head-mounted display, which allowed us to control for any transfer
effects that may have occurred due to a task change. However, future studies should examine whether
increased cognitive load in HMD-VR during motor learning affects transfer to more dynamic, interactive
real-world tasks such as manipulating physical objects, like a cup or a ball. Similarly, while visuomotor
adaption is a speci�c type of motor learning, over-generalization to the domain of motor skill learning
may not always be applicable [21]. Future studies should look to see if an increased cognitive load in
HMD-VR during motor skill learning also affects long-term retention.

Conclusions
We show that cognitive load was greater across visuomotor adaptation in HMD-VR compared to CS and
related to decreased explicit processes early in adaptation. Cognitive load was also found to be related to
decreased long-term motor memory formation, and visuomotor adaptation in HMD-VR resulted in
decreased long-term retention and context transfer. These �ndings suggest that increased cognitive load
in HMD-VR during motor learning may affect long-term motor memory formation. This study bridges
motor learning mechanisms with a theoretical framework of cognitive load and examines the impact of
cognitive load on motor memory formation. While these �ndings suggest that cognitive load may be
increased in HMD-VR during motor learning, the reasons driving this increase is unclear. Future studies
should aim to determine factors that may lead to increased cognitive load in HMD-VR motor learning.
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Abbreviations
HMD-VR
virtual reality using a head-mounted display
CS
conventional computer screen
GLMM
Generalized Linear Mixed-Effect Model
RT
reaction time
MT
movement time
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Figures

Figure 1

Experimental paradigm. (A) Experimental design. Participants trained on a visuomotor adaptation task in
either (B) an HMD-VR environment or (C) a CS environment. (D) Visuomotor adaptation task with a 45°
counterclockwise rotation (E) combined with dual-task probe. After �nding the start circle, a blue target
with numbers �anking the target would appear, and participants were asked to report where they planned
to aim. Participants remained at the start circle for 3000 ms as the target changed from blue to yellow to
green, and then made quick reaching movements through the target. Once crossing the invisible outer
circle, the endpoint location of the reach (or rotated reach) would be displayed as a red cursor. On some
of the trials, after the target turned yellow, an auditory cue was played 500 ms after the target turned
yellow and participants responded by quickly pressing a foot pedal under their right foot. The reaction
time of the foot pedal press was used as the measure of cognitive load. 
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Figure 2

Results between HMD-VR and CS training environments on dual-task probe. (A) Cognitive load measured
as the reaction time to the dual-task probe across the visuomotor adaptation task for participants training
in either CS or HMD-VR environments. GLMM indicated both Cycle (β̂1= -0.83, p = 0.009) and Training
Environment (β̂2 = 167.39, p < 0.0001) were signi�cantly related to cognitive load where training in HMD-
VR was related to increased cognitive load. Dots represent the average cognitive load across individuals
for each cycle. Furthermore, average cognitive load was greater for the HMD-VR environment during (B)
the Baseline block (t(27.5) = -3.12, p = 0.004) and (C) the Rotation block (t(30.4) = -2.96, p = 0.006)
compared to the CS environment; dots represent individual averages across blocks and error bars indicate
standard error. p < 0.05*

Figure 3

Results between HMD-VR and CS training environments on visuomotor adaptation task. Means (M) and
standard errors (SE) are plotted across cycles. Insert bar graphs show group M and SE as well as
individuals means during early (�rst 4 cycles) and late (last 4 cycles) adaptation. (A)  Hand angle,
measured as the angle at which the hand crossed the outer circle, for the HMD-VR and CS training
environments.  The hand angle was signi�cantly larger for CS compared to HMD-VR early in adaptation
(t(27.8) = 2.31, p = 0.028); however, by late adaptation there were no differences between groups (t(29.6)
= -1.19, p = 0.244). (B)  Aiming angle, measured as the aiming number reported by the participant, for the
HMD-VR and CS training environments. The aiming angle was signi�cantly larger for CS early in
adaptation (t(23.7) = 2.09, p = 0.047) but was signi�cantly larger for HMD-VR late in adaptation (t(14.5) =
-2.28, p = 0.038). (C)  Implicit adaptation, measured as the difference between aiming angle and hand
angle, for the HMD-VR and CS training environments. While there was no signi�cant difference in implicit
adaptation early in adaptation (t(18.7) = 0.47, p = 0.642), there were signi�cant group differences late in
adaptation (t(17.0) = 2.14, p = 0.047), where implicit adaptation in CS was larger than HMD-VR. p < 0.05*
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Figure 4

Average cognitive load plotted against aiming angle during Early Rotation.  Increased cognitive load
related to decreased cognitive, explicit mechanism early in adaptation (F(1,34) = 6.85, R2 = 0.168, p =
0.013).

Figure 5
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Results between HMD-VR and CS training environments on retention and context transfer. (A) Overall
visuomotor adaptation at immediate forgetting was not signi�cantly different between groups. (B) At
delayed 24-hour forgetting, there was more forgetting in HMD-VR-R than in CS-R (t(13.4) = 2.42, p =
0.031) and a trend of more forgetting in HMD-VR-T than in CS-R (t(9.2) = 2.23, p = 0.052). (C) Differences
in delayed 24-hour retention could be explained by more explicit process forgetting in HMD-VR-R than in
CS-R (t(18.9) = 2.47, p = 0.023) and in HMD-VR-T than in CS-R (t(15.0) = 2.23, p = 0.042). (D) Forgetting of
implicit process at delayed 24-hour retention was not signi�cantly different between groups.  Dots
represent individual participants and error bars indicate standard error. p < 0.05*, p < 0.1†

Figure 6

(A) Greater forgetting of the explicit process at delayed 24-hour forgetting was related to decreased long-
term retention, measured by more forgetting of the overall adaptation (F(1,28) = 43.38, R2 = 0.608, p <
0.0001). (B) Increased cognitive load was related to decreased long-term retention, measured by more
forgetting of the overall adaptation (F(1,28) = 4.31, R2 = 0.133, p = 0.047).
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