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HUMAN-ROBOT INTERACTION

When a robot teaches humans: Automated feedback
selection accelerates motor learning
Georg Rauter1,2*, Nicolas Gerig1,2, Roland Sigrist1, Robert Riener1,3, Peter Wolf1

INTRODUCTION

Robot-assisted training in combination with virtual reality is becoming
increasingly popular for facilitating motor learning. Tremendous efforts
have been undertaken to (i) develop controllable and appealing training conditions [for examples, see overviews in the field of surgery by
Bartlett et al. (1) and in the field of sport by Neumann et al. (2)], (ii)
design augmented feedback to foster active participation and guide
the trainee [for an overview, see Sigrist et al. (3)], and (iii) comprehensively monitor task performance by sensors of the robot or additional
wearables [e.g., summarized by Kos et al. (4)].
Commonly, a human trainer defines a training goal; chooses a
strategy for achieving this goal; selects training conditions, including type
of feedback; and interprets available data to switch between conditions
or change strategies and goals. In particular, if many training conditions
and a huge amount of performance data are available, a robotic trainer
may assist the human trainer to select the most appropriate training
condition in a reasonable and reliable manner.
An automated trainer is a closed-loop controller that incorporates
the trainee in the control loop and selects a training condition based
on the trainee’s performance. An automated trainer is termed a robotic
trainer if haptic interaction with the trainee is present. A training condition might incorporate a virtual trainer, i.e., an avatar that demonstrates the target movement, sometimes displayed simultaneously
with an avatar of the trainee [e.g. (5–7)]. In robot-assisted training, parameters of haptic guidance have been automatically adjusted in relation
to the current task performance [e.g. (8–10)]. Thus, adaptations within a
training condition have been proposed; however, another training condition featuring another feedback design might be more effective.
Switching to another feedback design to further improve seems appropriate because the effectiveness of a feedback design depends on the task
characteristics to be learned, individual preferences, and current skills
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(3, 11, 12). To reasonably switch to another feedback design, an automated trainer has to monitor the deviation of the current performance
to a defined training goal, e.g., movement error. In addition, an algorithm
that implements the selection of the goal will be required.
Recently, we have presented a robotic trainer for a typical rowing
movement: During trunk-arm sweep rowing, participants had to learn
a predefined oar blade trajectory. The spatial deviation from the trajectory and the velocity error were monitored. To select the next training
condition, we predicted error reductions due to different types of feedback by a linear mixed model. This model was established on previous
evaluations of the available types of feedback. Observed error reductions were used to adjust the model to the individual participant. Our
predictive concept demonstrated a reasonable selection of training
conditions featuring different types of feedback (13). However, a considerable amount of data was required to develop and justify the underlying model. To avoid such modeling, an automated trainer could be
based, to a further extent, on the expertise of a human trainer. For instance, an automated yoga trainer that prioritized errors based on the
location of the issue was developed. This automated trainer provided
verbal instructions on how to improve, following the suggestions
of yoga experts (14). Human expertise has also been incorporated
in other concepts of an automated trainer, e.g., for squats (15). However,
none of these concepts were evaluated in terms of motor learning.
We adopted the approach of incorporating human expertise in a
robotic trainer by addressing the largest error out of different performance metrics by a dedicated type of augmented feedback. The
movement task was to learn an oar blade trajectory in trunk-arm sweep
rowing, as in our previous study (13). The oar had to be moved
according to a predefined velocity profile, i.e., fast in the water and slow
in the air phase. Deviations to the velocity profile were considered as one
error metric. In addition, four spatial errors that represent deviations
from the reference path in the four distinct phases of an oar blade movement in rowing were considered: immersion into the water, movement
through the water, movement out of the water, and movement through
the air. Each of the five errors was linked to one type of unimodal concurrent feedback (either auditory or visual cues) and one type of multimodal
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A multitude of robotic systems have been developed to foster motor learning. Some of these robotic systems featured
augmented visual or haptic feedback, which was automatically adjusted to the trainee’s performance. However, selecting the type of feedback to achieve the training goal usually remained up to a human trainer. We automated this
feedback selection within a robotic rowing simulator: Four spatial errors and one velocity error were considered, all
related to trunk-arm sweep rowing set as the training goal to be learned. In an alternating sequence of assessments
without augmented feedback and training sessions with augmented, concurrent feedback, the experimental group
received feedback, thus addressing the main shortcoming of the previous assessment. With this approach, each participant of the experimental group received an individual sequence of 10 training sessions with feedback. The training
sequences from participants in the experimental group were consecutively applied for participants in the control
group. Both groups were able to reduce spatial and velocity errors due to training. The learning rate of the requested
velocity profile was significantly higher for the experimental group compared with the control group. Thus, our robotic
rowing simulator accelerated motor learning by automated feedback selection. This demonstration of a working,
closed-loop selection of types of feedback, i.e., training conditions, could serve as the basis for other robotic trainers
incorporating further human expertise and artificial intelligence.
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concurrent feedback (haptic guidance
was added to the unimodal type) that
had previously been shown to facilitate
error reduction (16, 17). The errors
were calculated for non-feedback test
conditions and normalized by the mean
Catch
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botic trainer selected the feedback that
Recovery
addressed the largest normalized (i.e.,
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dominant) error or switched to another
feedback design if the dominant error
stayed the same. Thus, the robotic
trainer provided an individualized feedback sequence. We hypothesized that
the participants receiving this automatically individualized feedback sequence
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Day
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would learn faster than those receiving
Fig.
1.
Normalized
errors
over
the
course
of
the
study
for
one
participant
of
the
experimental
group
and
his
the feedback sequence of matched participants. If confirmed, this would demon- matched control. Training blocks (T) are indicated by dark gray background. Baseline (BL) and retention tests at the
strate that, given a training goal (such as beginning of day 2 (RE2) and day 3 (RE3) are indicated in white background. No-feedback trials (NF) are indicated in
accurately tracking an oar movement) light gray background. BL, RE2, and NF were used as test conditions to assess the spatial error during catch, drive,
release, recovery (see Fig. 4), and the velocity error. Triangle face color represents the dominant error based on
whose underlying metrics are continuously
which feedback was provided.
evaluable (such as spatial and velocity
error), a closed-loop controller in combination with a simple training strategy (such as addressing the largest remaining outcomes—spatial error drive, spatial error recovery, and
error and a cascade of feedback designs that address different errors and spatial error entire cycle—learning was only observed within the experprovide cues in additional modalities when errors are repeated) can sig- imental group (Fig. 2). The absence of learning from the control group
nificantly contribute to learning of complex motor tasks (such as trunk- in these outcomes should not be interpreted as an indication of group
differences, because the repeated-measures analysis of variance
arm sweep rowing).
(ANOVA) did not reveal significant group effects or significant group
test interactions for these outcomes (Table 2). However, velocity error
entire cycle showed a trend (P < 0.1) toward a significant group test
RESULTS
interaction.
Baseline differences
A significant group difference (F1,14 = 5.275, P = 0.038, hp2 = 0.274)
There were no significant differences between the groups at baseline for
was observed for the learning rate of the velocity profile, i.e., reduction of
any variable.
the velocity error, from baseline to retention test on day 2 (Fig. 2, bottom
middle). No further significant group differences were found.
Dominant error occurrences
Participants of the experimental group received an individualized
sequence of feedback designs based on their dominant error as assessed
immediately before each training session, whereas the control partici- DISCUSSION
pants received the feedback sequence of their matched participant in the Currently, huge efforts are invested in machine learning algorithms for
experimental group. In consequence, participants in the control group automating decision-making in a variety of fields, e.g., disease recognicould receive feedback for their dominant error in single trainings if, by tion in radiology (18–21) and financial transactions on the stock market
chance, they had the same dominant error as the participant they were (22–25). Decision-making algorithms can be used in open-loop settings
matched to (see Fig. 1). To simplify the understanding and interpreta- to condense data, making information comprehensible for humans,
tion of our results, Fig. 1 shows learning curves for one participant of the such as in radiology (18–21). The next level in autonomy after openloop settings is closed-loop settings that directly influence humans or
experimental group and his matched control participant.
The experimental group always trained with a feedback design digital systems. Hereby, the closed-loop system observes and records
according to their dominant error (8 participants × 10 training the resulting actions of the influenced human or system. On the basis
conditions = 80 times the desired feedback design over 2 days). In con- of the newly observed data, decision-making can be improved. For extrast, participants of the control group received feedback designs ample, automated closed-loop systems that already affect us in our daily
according to their dominant error in 36 of 80 training conditions life are personalized advertisements (26–28). Because of the increasing
digitalization and volume of available data, the importance of data
(for details, see Table 1).
mining and closed-loop decision making also increases.
However, big data are often missing in fields where (i) instrumentaLearning results from baseline to retention tests
No learning could be observed for the outcome spatial error at the tion that needs expert knowledge for installation is required, (ii) setting
catch phase. Both groups showed significant learning for the outcome up data collection systems is time consuming, (iii) only a few data points
spatial error at release and velocity error over the entire cycle. For the can be recorded at once, (iv) data acquisition or required technical
20 February 2019
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Table 1. Dominant error for each participant for each training condition. Augmented feedback was only provided during the training conditions T1 to T5
on day 1 and T6 to T10 on day 2. Cat, spatial error at catch; Drv, spatial error during drive phase; Rel, spatial error at release; Rec, spatial error during recovery
phase; Vel, velocity error over the entire cycle. Bold font indicates a match, meaning that both participants had the same dominant error by chance, and
therefore, the control participant received feedback focusing on his/her dominant error as well.
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Fig. 2. Development of the six primary outcomes over the main test conditions. Group means are connected between the baseline test on day 1 (BL) and the
retention tests on day 2 (RE2) and day 3 (RE3). For each box, the central horizontal line is the median, the edges of the box are the 25th and 75th percentiles, and the
whiskers extend to the most extreme data points and cover 99.3% of the data. Outliers are plotted individually (marked by a cross in the color of the corresponding
group). Horizontal lines in group colors above the boxes indicate significant main effects of test within the groups. Small vertical bars attached to those horizontal lines
indicate Bonferroni-corrected significant differences in the test conditions. Small black lines ending with group symbols and a star above lie between the test
conditions and indicate significant group differences in learning rate between the two test conditions.

systems are costly, (v) systems that require particular safety prerequisites
are used, or (vi) systems that need particular legal authorization are used.
Most of these issues apply to current developments in the field of
human-robot interaction. Therefore, it is not unexpected that machine
learning has not yet advanced deeply into this field (29). Applications of
human-robot interaction that may benefit from automated decisionRauter et al., Sci. Robot. 4, eaav1560 (2019)
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making are rehabilitation robots, surgical robotics, and robot-assisted
motor learning devices (30). Because of the missing big data, our paper
presents an alternative to machine learning techniques: automated
decision-making by modeling expert knowledge directly into decision rules.
In the field of motor learning, a few concepts for automated decisionmaking based on human expertise have been presented (14, 15). However,
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Table 2. Learning effects from the baseline test on day 1 (BL) to the retention tests on day 2 (RE2) and day 3 (RE3) between and within groups.
Variable

Interaction and between group effects

Within experimental group

Within control group

P

h2p

Main effect post hoc

P

h2p

Main effect post hoc

P

h2p

Spatial error at catch

F1.40,19.57 = 0.02
F1,14 = 0.08

0.943
0.782

0.002
0.006

F2,14 = 0.61

0.559

0.080

F2,14 = 0.86

0.444

0.110

Spatial error recovery phase

F1.33,18.61 = 0.45
F1,14 = 0.00

0.566
0.992

0.031
0.000

F2,14 = 10.79
BL–RE2
BL-RE3

0.001
0.019
0.069

0.606

F1.23,8.57 = 2.70

0.134

0.278

F2,28 = 1.56
F1,14 = 0.69

0.228
0.421

0.100
0.047

F2,14 = 7.07
BL-RE2
BL-RE3

0.008
0.045
0.116

0.502

F2,14 = 0.88

0.438

0.111

F1.41,19.76 = 1.06
F1,14 = 0.01

0.341
0.943

0.071
0.000

F2,14 = 21.57
BL-RE2
BL-RE3

<0.001
0.006
0.004

0.755

F2,14 = 4.01
BL-RE2
BL-RE3

0.042
0.223
0.215

0.364

Velocity error entire cycle

F2,28 = 2.52
F1,14 = 0.09

0.099
0.768

0.152
0.006

F2,14 = 23.18
BL-RE2
BL-RE3

<0.001
0.003
0.004

0.768

F2,14 = 10.16
BL-RE2
BL-RE3

0.002
0.122
0.005

0.592

Spatial error entire cycle

F1.405,19.67 = 0.54
F1,14 = 0.07

0.532
0.801

0.037
0.005

F2,14 = 6.78
BL-RE2
BL-RE3

0.009
0.031
0.196

0.492

F1.12,7.86 = 1.99

0.199

0.221

Spatial error drive phase

Spatial error at release

Fig. 3. Coauthor demonstrating the rowing simulator. Participants were seated in
a real rowing boat placed in a CAVE. The participant’s task was to perform a predefined
rowing oar movement only with arms and upper body (roll seat was strapped back to
prevent the rower from bending the legs). When the virtually prolonged oar was
moved through the virtual water, the rower saw, heard, and felt realistic oar-water interactions. In addition to rendering haptic oar-water interactions, the tendon-based
parallel robot was used to haptically guide the participant if the related feedback design was selected. The current photo shows visual feedback during the drive phase
(green and red dots drawn right above and below the blade).

this work differs by evaluating such concepts in a motor learning study
and thereby also involving human-in-the-loop control in connection
with a robotic device. Our motor task was complex and requested the
minimization of different types of movement errors. We realized realtime data recording and evaluation and applied a simple training
strategy, i.e., giving feedback on the dominant error. Therefore, the
feedback was selected from a cascade of augmented concurrent
feedback designs.
Rauter et al., Sci. Robot. 4, eaav1560 (2019)
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Dominant error occurrences
Commonly, concepts of automated learning address the reduction of
one type of error (14, 15), where participants had to minimize spatial
and velocity errors. To identify the dominant error, all error values were
normalized by the best results obtained from previous studies that were
reevaluated for this paper. Normalization of the error metrics allowed a
direct comparison of errors that would otherwise have different units
(° for the spatial errors and °/s for the velocity error). In addition, normalization by the smallest errors observed in previous studies allowed
us to reasonably scale the magnitude of different error metrics to each
other based on effectively reachable performance. Therefore, no manual
tuning of error metrics had to be performed, and only minimal prior
knowledge or data were required compared with other approaches relying on large datasets (13).
Although the velocity error was dominant for 50% of all trainings
and the spatial error at release was not dominant for a single training,
the sequence of dominant errors was rather individual (Table 1). Because the velocity error was predominant (40 times in the experimental
group and 47 times in the control group, matching 28 times), the dominant error in a specific assessment of matched participants was often
the same. In 45% of the trainings, the participants of the control group
received feedback on their dominant error. Thus, differences between
the two training groups could only arise from 55% of the training conditions. Because the participants of our control group had already
experienced our chosen training strategy (focusing on the dominant
error) so often, the sensitivity of our study with respect to finding group
differences was reduced. However, other control groups are less suitable
for answering our research question (i.e., whether the participants
would benefit from an automatically individualized feedback sequence).
For example, a control group relying only on intrinsic feedback without receiving any augmented feedback would be reasonable to
answer other research questions, such as whether our task could be
learned intrinsically, which is not the case [see (13)]. Other control
groups receiving randomly selected feedback designs or feedback designs
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focusing on nondominant errors could provide higher sensitivity to detect potential differences between control and experimental groups.
However, such control groups would result in different random occurrences of feedback designs (and switching between those). Unfortunately,
for such more sensitive control groups, the resulting group differences
might be based purely on the differences in feedback design occurrence.
Such control groups would lack specificity to answer our question of
whether the personalized dominant training strategy was truly superior. Instead, all potential group differences might result from the fact
that just one specific feedback design (or combination of a few) is more
effective than other designs. Therefore, we are convinced that enforcing feedback occurrences (and switching between those) equally in
both groups was the most suitable choice to answer our research question considering both sensitivity and specificity.

Interpretation of learning effects
The fact that the learning effects could be observed mainly on the
velocity error is not unexpected because this error was trained the
most. Learning was also observed in both groups for the spatial error at
release, even though feedback specific to the release was never selected.
However, all secondary feedbacks included haptic information on the
complete movement. Eventually, the haptic information on release contained in these secondary feedbacks was enough for the participants to
learn. It is possible that the spatial error at release is easier to improve
compared with the other spatial errors, because most of the arm movement is close to the participant’s trunk and the trunk might have acted
as a physical end stop preventing large errors.
With respect to the velocity error and the spatial error entire cycle,
both groups showed improvements and reached absolute performance
levels similar to those in previous studies of the same task (13, 16, 31).
For this reason, the subdivision of visual feedback into the four rowing
phases and the novel multimodal feedback combinations proved to be
suitable for learning the rowing movement.

CONCLUSION

Vertical oar angle

[ ]

Significant group difference in learning rate
In contrast to repeated-measures ANOVA on the six error metrics
(Fig. 2), learning rates for the one-way ANOVA were calculated on the
basis of their baseline values. This normalization of learning rates by the
baseline values reduced their sensitivity to the high intersubject variability at baseline (Fig. 2) and allowed a more detailed insight into the
difference of error reduction between groups.

Reference trajectory

Air

Recovery
Catch

Release

Drive
Water
Horizontal oar angle

[ ]

Fig. 4. Desired oar movement. The arrowheads indicate the desired direction of
the cyclic oar movement. The desired oar movement was divided into four
phases: the region around the horizontal turning point before the oar enters
the water (catch), the drive phase, the region around the horizontal turning point
after the oar exits the water (release), and the region where the oar moves horizontally through air (recovery phase).
Rauter et al., Sci. Robot. 4, eaav1560 (2019)
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Our automated feedback selection strategy showed a significantly higher learning rate (Fig. 2) despite relying on a very simple concept: provision of feedback addressing the dominant error, which could be
obtained by normalizing observed errors based on previous knowledge.
Common knowledge of human trainers was implemented in two decision rules for the robotic trainer. First, focusing on more severe errors is
more likely to result in stronger improvements. Second, choosing
another feedback design that provides additional or alternative
information, e.g., in another modality, might be beneficial if the same
error stays dominant for a trainee.
We consider the herein presented methods as generalizable to any
type of automated feedback selection based on arbitrary quantitative
metrics. In contrast, we consider the specific results on which one
performance metric was learned faster by our rowing novices because
of personalized automated feedback selection limited to the herein
selected trunk-arm rowing task.
We believe that the herein proposed concept contributes particularly
to fields where automated decision-making is desired, but little prior
data are available—such as when devices or concepts are evaluated
for the first time, when study protocols are changed, when new feedback
designs or training strategies are under evaluation, or when effects of a
device are difficult to predict. The only required knowledge is a
minimum amount of data to allow comparison of different types of error
metrics, e.g., by normalization. These few values for normalization can
be obtained in a pilot study or by estimation through an expert.
5 of 10
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Missing significant group effects in the
repeated-measures ANOVA
Because of within-group variability, it is usually difficult to find significant interactions between groups based on small group samples.
This is also true for our study. In addition, the feedback for both groups
was different only in 55% of the training sessions. We observed learning
effects within each group particularly for the spatial error at release and
the velocity error over the entire cycle. Because both groups learned, a
tremendous improvement by one group might be required from one
day to another to show interactions between groups. However, potential
flooring effects, e.g., owing to the feedback designs, might have limited
further learning from day 2 to day 3 (Fig. 2). A trend (P < 0.1) for a
group interaction could be found for the velocity error (Table 2). This
trend indicates that differences in the development between the experimental and the control group are likely and might become significant with a larger group sample. Therefore, we assume that the
missing significant group effects in the repeated-measures ANOVA
were caused by the small group sizes and high baseline variability.

A significant group difference between baseline on day 1 and retention on day 2 in the velocity error was found. Therefore, individual differences in the provided versus optimal feedback have a considerable
impact on the learning rate. In our opinion, the significant group difference
in the learning rate could be expected in the early phase of the study, because most learning was observed between day 1 and day 2. In particular,
the significant group difference for the velocity error could be explained
by the fact that this error was trained most frequently. Furthermore, this
significant difference in learning rate supports our interpretation of the
tendency observed in repeated-measures ANOVA. To conclude, this significant difference in learning rate outlined that our closed-loop
controlled, automated feedback selection worked as intended.
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Corresponding data points RV to WP
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Fig. 5. Visualization of performance metrics mapping to the reference movement. DTW is used to correlate the measured spatial (A) and velocity (B) data to the
reference trajectory. The two measured datasets show the worst and best performance measured during this study. The best performance was measured during position control.
The spatial error (A) is indicated by the mean value over the entire rowing cycle in the color of the corresponding performance. The velocity error (B) is indicated by the mean value
over the entire rowing cycle in the color of the corresponding performance.

T
Day 1

I

NF

T

NF

T

NF T

NF T

NF

BL

Day 2

RE2

Day 3

RE3

Fig. 6. Study protocol for the three consecutive training/measurement days. The
no-feedback trials lasted for 1 min (indicated by small block). All other measurement blocks lasted for 3 min. I, instruction; BL, baseline measurement; T, training;
NF, no feedback trial; RE2, retention test on day 2; RE3, retention test on day 3.

Outlook
This paper highlights a possible implementation of a working closedloop feedback selection. In our opinion, extensions and modifications of
our concept have the potential to result in increased learning rates, an
increased level of automation (including the adaptation of the learning
goal), or both. Such extensions/modifications could be (a) the inclusion
of novel performance metrics; (b) different normalization and
weighting; (c) selection rules, including additional knowledge of human
trainers; and (d) implementation of a long-term training plan. As a possible example of (a), including variability as a performance metric seems
promising, because low variability is an indicator of expert performance
(32). To increase real-life relevance of closed-loop feedback selection,
normalization and weighting (b) could be performed, reflecting the individual performance metrics’ effects on a higher-level goal, such as a
maximization of the mean boat velocity. Additional trainer knowledge
(c), such as more variations within training, can lead to better training
effects (33–35). This could be realized by a selection rule that switches
feedback more often and has a larger repertoire of feedback designs.
Also, the implementation of a long-term training plan (d) could be beneficial for the learning of complex tasks over a longer period of time.
Usually, training plans focus first on the learning of simple parts of a
movement before these simple parts are combined to form a more
complex complete movement (36, 37). As more data are available, we
expect that expansion of our concept by machine learning algorithms
Rauter et al., Sci. Robot. 4, eaav1560 (2019)
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for the automated feedback selection will lead to even larger effects in
group differences. Even extensions to automated strategy adaptation or
automated training goal change itself are conceivable.

MATERIALS AND METHODS

Apparatus
Over the past few years, a rowing simulator that can be used as a controlled
setting for motor learning studies has been developed at ETH Zurich
(38, 39). This rowing simulator enables rowers inside a Cave Automatic
Virtual Environment (CAVE) to see, hear, and feel their interactions with
a virtual rowing scenario. For the current study, sweep rowing was set up,
where the rower inside the CAVE held one bow side oar at the oar handle
(Fig. 3). A customized tendon-based parallel robot was attached to the
blade side end of the oar and could render water forces as well as apply
haptic feedback (sample frequency, 1 kHz) (40, 41). The visual scenario
was displayed on three large screens surrounding the rower in a U-shape
(4.4 m by 3.3 m, projectors: Projection Design F3+, Norway; update frequency, >30 fps). Auditory rendering and feedback were provided
through standard stereo headphones (update frequency, ~30 Hz).
Task
Participants were asked to learn a desired trunk-arm rowing movement.
Trunk-arm rowing incorporates a complex oar blade movement that is
commonly used during warm-up or technical training. Reproducing a
desired trunk-arm movement was considered a suitable motor learning
task for rowing novices. In addition, movement reproduction also provides the possibility for quantitative performance evaluation. The
desired oar blade movement incorporated several challenges that can
be separated spatially into four distinct phases of the rowing cycle: (i)
the immersion of the oar blade into the water, i.e., “catch”; (ii) the movement of the oar through the water, i.e., “drive phase”; (iii) the movement
of the oar out of water, i.e., “release”; and (iv) the horizontal movement
of the oar through air back to catch, i.e., “recovery phase.” The catch is
determined by a distinctive turn of the oar blade and a fast vertical
6 of 10
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movement of the oar into the water. During the drive phase, the rower
applies high forces to the oar, pushing the boat forward. The release is
characterized by a fast turn of the oar blade and a deceleration. During
the recovery phase, the rower slowly moves the oar back to the start for
the next rowing cycle on a horizontal trajectory while avoiding undesired deceleration of the boat (Fig. 4). The desired oar blade movement from an expert rower was recorded.
In postprocessing, the trajectory was smoothed in space and velocity
to form a cyclic C2-continuous trajectory, i.e., a trajectory that can be
continuously differentiated twice and has neither start nor end point.
Furthermore, the desired trajectory was scaled to an angular horizontal
range of 44° and a vertical angular range of 12°. This corresponded to a
horizontal range of the oar handle’s tip of 0.67 m and a vertical range of
0.19 m. The desired movement was designed to be feasible only by trunk
and arm movements for participants taller than 1.65 m. The desired
movement should be executed at a desired stroke rate of 24 strokes/min.



Ec ½x; t ¼ ∫ jxðtÞj2 þ ltðtÞ2 dt

ð1aÞ

dt
> 1
dt

ð1bÞ

Rauter et al., Sci. Robot. 4, eaav1560 (2019)

20 February 2019

ð1cÞ

In the optimization cost function (Eq. 1a), Ec denoted the error cost
of the spatial shift vector x and the temporal shift t. The positive
constant l denoted the relative weight between spatial and temporal
errors (42). The first optimization constraint (Eq. 1b) ensures that assignment of corresponding data points cannot cross, and the causal
order of measured data point sequences is preserved. The second optimization constraint (Eq. 1c) sets temporal shifts of the first and last data
points to zero to enforce their assignment in both trajectories. For all
performance measures, the relative weight constant l was set to zero to
match spatially the measured data as closely as possible. To evaluate one
rowing stroke of interest without the reduced sensitivity caused by the
constraint (Eq. 1c), we applied DTW to align a trajectory of three
reference strokes against a triplet of recorded rowing strokes including
the stroke before, the stroke of interest, and the stroke after. Error outcomes were then calculated on the basis of the alignments of only the
rowing stroke of interest. For all spatial performance measures, the spatial shift vector x incorporated deviations in q and d directions (Fig. 5,
left). For the velocity errors, the spatial shift vector x from Eq. 1a was
adapted to represent the shift in velocity magnitude (Fig. 5, right).
To allow a comparison of the five errors, we normalized the resulting average errors by the results of two previous motor learning
studies (16, 31). In these two studies, the same desired oar movement
had to be learned, the same study protocol was applied, and similar or
the same feedback strategies were used. We reevaluated the recorded
raw data of these studies to assess the performance in the five error types
of interest. For normalization, the best group mean from the retention test on day 3 in each error type was taken and rounded to one
digit. Numeric group means used for normalization were Dspatial; catch ¼
2:7°, Dspatial; drive ¼ 1:7°, Dspatial; release ¼ 2:7°, Dspatial; recovery ¼ 1:7°, and
Dvelocity;entireCycle ¼ 3:4°/s.
In addition to the five primary outcomes, the spatial error of the
entire rowing cycle was evaluated in postprocessing using DTW. All
distances between each point of the desired rowing trajectory and the
corresponding point on the measured trajectory obtained through DTW
were averaged for the complete rowing stroke. In contrast to the four
spatial rowing errors, the spatial error of the entire rowing cycle should
provide an impression of the participants’ overall spatial performance
and simplify our comparison with previous studies (16, 31). Besides
the evaluation of the test conditions, the performance during training
with augmented feedback was also evaluated in the same way and is reported in the appendix.
Automated feedback selection focusing on dominant error
The dominant error was obtained as the highest normalized mean error
from the online kinematic evaluation of the last condition. For each type
of dominant error, two augmented feedback designs were available,
corresponding to primary and secondary designs. The primary feedback design was provided if an error type emerged as dominant for
the first time in a row. If the same error type was dominant a second
time or even more often in a row, then the secondary feedback design
was provided. In total, 10 different feedback designs (primary and
secondary for each of the five different errors) were available for selection from the planned 10 training conditions.
Augmented feedback designs
The primary augmented feedback design was always unimodal, whereas
the secondary augmented feedback design was always multimodal. All
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Kinematic evaluation
The participants’ performance was analyzed with respect to five different errors. Four of these separately represented the spatial deviation of
each rowing stroke from the reference movement during the four rowing phases: catch, drive, release, and recovery (Fig. 4). A velocity error
assessed the deviation of the measured velocity profile of the entire
movement for each rowing stroke from the reference velocity profile.
After the first three strokes in a test condition (which were needed to
accelerate the boat; these strokes were not considered in the analysis),
participants had to perform at least eight strokes that were within the
desired stroke rate of 24 strokes/min with a tolerance of ±2 strokes/min.
For each of the five error types, the error values of these eight or more
strokes were averaged over one test condition.
Kinematic evaluation was performed both online during the test
conditions used for automated feedback selection and in postprocessing
of recorded raw data to analyze and report study results. Online evaluation
was performed on an xPC Target (MATLAB/Simulink) that controlled
the tendon-based parallel robot and rendered the haptic interactions of
the virtual rowing scenario. Although the rowing scenario and the robot
control were controlled at 1 kHz, the online data analysis was performed at
the reduced sample frequency of 100 Hz. Raw movement data were also
saved for postprocessing at a sample frequency of 100 Hz. Postprocessing
evaluation was performed with custom scripts (MATLAB).
To divide the measured data according to the defined phases onto
the desired trajectory, we mapped the measured data to the desired trajectory stroke by stroke. The measured data were first cut into single
strokes at catch (except for analysis of errors at catch, for which the rowing strokes were cut at release). In a subsequent step, the cut data were
resampled to 250 data points for comparison with the desired trajectory
that also consisted of 250 data points. Online evaluation was conducted
on a lower temporal resolution to reduce calculation time by resampling
to only 101 data points instead of 250. On each of the cut rowing strokes,
a dynamic programming algorithm, namely, dynamic time warping
(DTW), was applied for performance evaluation. This DTW found
the optimally correspondent data points on the reference trajectory
for the measured data points (42):

tðt min Þ ¼ tðt max Þ ¼ 0
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Participants and groups
For the study, 16 participants were recruited according to the following
inclusion criteria: (i) no prior rowing experience; (ii) aged between 18
and 35 years; (iii) at least 0.5 hours of sport per week; (iv) healthy (no
Rauter et al., Sci. Robot. 4, eaav1560 (2019)
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physical impairments or discomforts); (v) normal hearing, normal (or
corrected to normal) vision; and (vi) taller than 1.65 m.
Overall, seven women and nine men [mean age, 27.7 years; SD,
1.9 years (from 25 to 32 years)] were included. The study was approved
by the ethics commission of ETH Zurich (EK_2010-N-53). All participants signed a written consent form before the study. In addition, all
participants were informed verbally about the study procedure, the
risks, and their option to quit at any time without a reason and without
consequences.
The participants were randomly assigned to one of two training
groups, i.e., eight participants to the experimental group and eight participants to the control group. Each participant of the control group was
matched to one participant of the experimental group. Participants of
the experimental group received an automatically compiled, individual
sequence of feedback designs addressing their dominant error, and participants of the control group obtained the feedback sequence of their
matched participant of the experimental group.
Protocol
The measurement protocol was designed to assess motor learning over
three consecutive days. On days 1 and 2, all participants performed an
initial baseline (day 1) or retention test (day 2) before the training
started. The training itself consisted of five training blocks composed
of training with feedback followed by a no-feedback trial. On day 3, participants performed only a retention test. Measurements on day 1 took
70 min, on average, including administrative work, an introduction of
the rowing simulator, explanation of the task, and mechanical adaption
of the simulator to the participant. Measurements on day 2 took about
45 min, and measurements on day 3 lasted for about 15 min (Fig. 6).
Before the study, the roll seat in the rowing simulator was fixed at the
same position for all participants. Therefore, the foot stretcher in the
rowing boat had to be set up individually so that all participants could
be seated with their legs stretched. The foot stretcher position was noted
and reset for each participant before each measurement. On the first
day, after the rowing simulator was introduced to each participant,
one of the principal investigators took place in the simulator. The principal investigator demonstrated and explained the handling of the rowing simulator and its safety features to the participant. After watching
the investigator for 1 min from outside the boat, the participant took his
or her place in the rowing simulator and could test the foot stretcher
settings and the reachability of all points of the desired trajectory by
the same path controller, which was used for augmented feedback,
for about half a minute, i.e., the oar could be moved freely inside a tunnel
around the desired path. The investigator told the participant to focus well
on the velocity profile, the shape, and the stroke rate of the desired rowing
trajectory (without mentioning the value of the desired stroke rate). In
addition, all participants were told that the robot would select feedback designs for training individually adapted to their largest errors.
Further instructions were not provided. Training of day 1 started by the
instruction through position control (also used for augmented feedback)
for 3 min (72 rowing strokes). After the instruction, the participant was
asked to reproduce the instructed movement in the best way possible
(baseline measurement). Then, the first training block started and consisted of 3 min of training with feedback followed by a no-feedback trial
for 1 min. Training blocks were repeated five times on day 1. Day 2 started
with a retention test of 3 min, followed by five training blocks like on
day 1. On day 3, participants only performed a retention test (Fig. 6).
During the baseline measurements, the non-feedback trials, and the
retention tests, the participants experienced only the rendering of the
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primary feedback designs on spatial errors were based on visual cues.
The primary feedback design on the velocity error was based on auditory cues. For the secondary feedback, haptic guidance was added
to the primary feedback. For spatial errors, a path controller in addition
to visual feedback should help to further minimize spatial deviations
from the requested oar blade trajectory, whereas a position controller
in addition to auditory feedback should help to further minimize velocity errors.
Rowers could always see their virtually prolonged oar on the right
screen. For the primary spatial feedback, this virtually prolonged oar
drew a trace when it deviated by more than 3.6° vertically or 1.9° horizontally from the target trajectory (the values differ because the blade is
more tall than wide). The trace was only drawn in the area of the spatial
error type that should be corrected. The trace was green close to the
trajectory, became an increasing shade of red the larger the deviation,
and saturated to fully red at deviations larger than 11.5°. The trace faded
out after 8 s, i.e., the trace was visible for about three rowing strokes. This
visual feedback design was chosen because it was successfully applied in
a previous motor learning study where the same task was taught (31).
As a secondary feedback strategy for spatial errors, the primary
spatial feedback was combined with haptic guidance in terms of a
path controller. The path controller supported the rower to stay in the
vicinity of the reference along the entire desired trajectory without
imposing timing, i.e., forces pointing normal toward the reference were
applied if the rower was outside of a tolerance or dead-band around the
reference. A more detailed description of the applied path controller can
be found elsewhere (16). A path controller was chosen because, in comparison with three other types of haptic guidance, it was most effective
in teaching spatial aspects of the same desired rowing trajectory in a
previous study (16).
The primary feedback for velocity comprised a sonification of the
rower’s own oar movement (right speaker) and the desired oar movement (left speaker). The same sonification function, i.e., mapping of
movement data to sound dimensions, was used for the rower’s and
the desired oar movement. In consequence, the rower could synchronize
his or her own oar movement with the desired oar movement. Horizontal
oar angles were sonified by violin sounds that changed their pitch from
54.5 Hz (approximately A1) to 91.58 Hz (approximately F#2) when the
oar was outside the water. When the oar was inside the water, purling
sounds were faded in, whereas the violin sounds were faded out, depending on the deepness of the oar inside the water. In a previous study, the
same auditory feedback in combination with visual feedback for motor
learning of the same task represented an advantage compared with visual
feedback alone. This advantage is supposed to originate from the auditory
feedback’s potential to teach dynamic aspects of the oar movement (31).
As a secondary feedback on the velocity error, the auditory, primary
feedback was combined with a position controller. The position controller
enforced the desired oar trajectory with spatial errors lower than 0.5°
and velocity errors lower than 1°/s. The position controller was realized
with a proportional component (Ppos = 6000 N/rad) and a derivative
component (Dpos = 170 Ns/rad). In a previous study of the same rowing
task, this position controller was the most effective feedback design to
learn the velocity profile in comparison with three other types of haptic
guidance (16).
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rowing scenario. To keep a constant nominal task complexity level
for all participants during all the test conditions, we instructed the
participants to row faster or slower as soon as they deviated more
than 2 strokes/min from the desired stroke rate of 24 strokes/min.

SUPPLEMENTARY MATERIALS
robotics.sciencemag.org/cgi/content/full/4/27/eaav1560/DC1
Table S1. Between- and within-group differences during training with and without feedback.
Movie S1. M3-rowing simulator
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