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User preference optimization for control of ankle
exoskeletons using sample efficient active learning
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One challenge to achieving widespread success of augmentative exoskeletons is accurately adjusting the con-
troller to provide cooperative assistance with their wearer. Often, the controller parameters are “tuned” to op-
timize a physiological or biomechanical objective. However, these approaches are resource intensive, while
typically only enabling optimization of a single objective. In reality, the exoskeleton user experience is likely
derived from many factors, including comfort, fatigue, and stability, among others. This work introduces an
approach to conveniently tune the four parameters of an exoskeleton controller to maximize user preference.
Our overarching strategy is to leverage the wearer to internally balance the experiential factors of wearing the
system. We used an evolutionary algorithm to recommend potential parameters, which were ranked by a neural
network that was pretrained with previously collected user preference data. The controller parameters that had
the highest preference ranking were provided to the exoskeleton, and the wearer responded with real-time
feedback as a forced-choice comparison. Our approach was able to converge on controller parameters preferred
by the wearer with an accuracy of 88% on average when compared with randomly generated parameters. User-
preferred settings stabilized in 43 ± 7 queries. This work demonstrates that user preference can be leveraged to
tune a partial-assist ankle exoskeleton in real time using a simple, intuitive interface, highlighting the potential
for translating lower-limb wearable technologies into our daily lives.

Copyright © 2023 The

Authors, some

rights reserved;

exclusive licensee

American Association

for the Advancement

of Science. No claim

to original U.S.

Government Works

INTRODUCTION
Wearable robots, including exoskeletons and powered prostheses,
hold the potential to change human mobility (1–4). Millions of
people suffer from mobility deficits driven by lost mechanical
effort from the human neuromotor system, often stemming from
factors such as aging, weakened muscles, stroke, or limb loss (5,
6). These individuals are likely to walk slower, fatigue more easily,
and fall more often, which can lead to secondary conditions includ-
ing obesity and depression (6–9). Robotic assistive technology could
potentially address these impairments by assisting the user’s gait,
thereby offloading the demands on the neuromotor system (2, 10,
11). Although advancements in actuation, computation, and
machine learning have enabled the development of a plethora of
wearable robots, these technologies have not become commonplace
partly because of the challenges in designing and tuning their
control strategies (12–14).

An important challenge in the control of wearable robots is ad-
justing their behavior to meet the goals of a specific, individual user.
Modern control strategies typically include a set of parameters that
define instructions that mathematically describe the provided assis-
tance. These parameters are adjusted to optimize the assistance for
an individual user or a particular activity (13) often using one of two
methods: expert-based tuning to mimic natural human locomotion
(15) or automatic tuning based on metabolic rate or other physio-
logical objectives (16, 17). Although these approaches can be suc-
cessful, they are also limited in that they typically focus on a

single objective (biomechanics, speed, or metabolic rate) (15, 16,
18). In reality, there are many factors that may influence the
user’s experience, and these single objective–based tuning ap-
proaches cannot capture these varied aspects (19). Multi-objective
optimization for tuning control parameters has been investigated
(20, 21), but it is not yet clear how to effectively choose or design
these objectives.

In the development of assistive technologies, user preference has
always held an informal role; however, recently, researchers have
begun to formalize its use in the design and tuning of these
systems (19, 22–25). User preference is a promising objective
because it enables the wearer to adjust settings by synthesizing the
multifactorial nature of their experience. That is, when selecting
their preferred assistance settings, users may simultaneously con-
sider multiple physiological or biomechanical objectives, including
comfort, balance, fatigue, stability, and exertion, among others. Pre-
vious research has begun to investigate the role of user preference in
wearable robotic systems and has shown that user-preferred assis-
tance settings are reliable and unique (19, 24). In addition, previous
work has leveraged user-driven tuning approaches to identify user
preference for controlling exoskeletons and prostheses (19, 22, 26).
However, because these approaches rely only on the user to explore
a low-dimensional controller parameter space (the set of available
tuning parameters), they may be impractical to use outside the lab-
oratory and challenging to scale to higher-dimensional parame-
ter spaces.

To address limitations associated with user-driven tuning, auto-
matic tuning methods that implement active learning of user pref-
erence have been explored. In this work, we use “automatic” to
denote the algorithm searching a parameter space instead of the
user directly searching the space of potential control strategies.
Active learning is a branch of machine learning in which learning
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algorithms work with the user to more efficiently explore the pa-
rameter space. The learning algorithm selects a subset of data
from the larger pool of unlabeled data within the parameter space
and queries the user to label the data. Using this method, the algo-
rithm effectively chooses a subset of data to be labeled and used as
training data, which ultimately reduces the number of labels needed
overall to train the algorithm (27). This is especially attractive for
cases where labels are costly and time-consuming [human-robot in-
teraction (28)] to obtain. Active learning of user preference has
shown promising results in a number of different robotic
domains (29–33). For applications in exoskeletons, Bayesian opti-
mization with Gaussian processes has been used to adjust parame-
ters on the basis of user preference (23). These works primarily used
complete-assist exoskeletons (e.g., Atalante, Wandercraft) where
the robot drives the full motion of the wearer (23, 34, 35). Thus, it
is unclear how previous approaches would apply to devices that
work in tandem with their users (partial-assist systems), including
exoskeletons and prostheses.

The objective of this work is to develop an optimization strategy
for tuning higher-dimensional control strategies while requiring
minimal effort and cognitive burden from the wearer. Our over-
arching strategy was to use the wearer’s perception to weigh the in-
ternal, experiential factors of wearing the exoskeleton. To this end,
we developed a sample-efficient, active learning strategy–based con-
troller that optimizes user preference while the exoskeleton wearer
is in the loop; we defined sample efficiency to describe minimizing
the number of user queries before the approach reaches the
optimum. Our contributions are twofold: a sample-efficient optimi-
zation algorithm for obtaining user-preferred controller settings in

a four-dimensional parameter space and a real-time framework for
allowing users to determine preference at will, simplifying the form
of feedback through pairwise comparisons. In this work, we first de-
scribe our algorithmic approach, RankCMA-ES, using a neural
network and evolutionary strategy for modeling and optimizing
preference. Then, we validate the proposed algorithm both in sim-
ulation and in experiments with human participants. The intent of
our work is to present a system for users to tune controllers auto-
matically and conveniently on the basis of their preferences. We
believe that approaches that enable preference-based automatic
tuning are a key step in the translation of wearable technologies
out of laboratories and, ultimately, into our daily lives.

RESULTS
The proposed approach used an active learning paradigm, where a
learning algorithm interactively queries the user for feedback to
identify their preferred control parameters (torque assistance set-
tings for bilateral ankle exoskeletons). Our overarching objective
was to design a system that iteratively converges to the wearer’s pre-
ferred parameters while minimizing the queries to the user. Our ap-
proach comprises two components; the first component models the
latent preference function of the user, and the second component is
an optimization strategy that efficiently queries the user on the basis
of the learned preference function while generating better candidate
solutions. To model the preference function, we used neural net-
works [RankNet (36)] to estimate preferred settings given a set of
control parameter candidates. Ultimately, the model provides an es-
timation of a score for each parameter candidate, which is then used

Fig. 1. Overview of our control framework.Amethod that optimizes exoskeleton torque profile on the basis of user’s pairwise preference feedback. For each loop of the
optimization, the user experiences two exoskeleton control parameters: the best offspring (blue) and previously selected control parameter (green). Then, the user
provides their preference by selecting their preferred parameters via a touch screen interface. On the basis of the selection, a new set of control parameters was generated
by the evolutionary strategy (CMA-ES), where these parameters were ranked by RankNet. The highest-ranked parameter (the best offspring) along with the previously
selected control parameters were presented to the user as a new pairwise comparison. This process iterated until the approach reached the termination condition.
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to rank these candidates. We used an evolutionary algorithm, co-
variance matrix adaptation evolutionary strategy (CMA-ES), specif-
ically 1 + λ CMA-ES (37, 38), as an elicitation method to sample
parameters for querying the user. Given the estimated score from
RankNet, CMA-ES selects the best parameters among the popula-
tion in each generation. We validated the proposed algorithm,
which we denote as RankCMA-ES, in both simulation and
robotic hardware with human participants (Fig. 1). The following
sections outline the model, optimization algorithm, and validation
methodologies.

Modeling human preference
We modeled human preferences of exoskeleton controller settings
by leveraging a previously published dataset composed of multiple
users (19). We used RankNet, which is a neural network model with
a cost function that assigns probabilities of preference between two
settings, originally developed to learn ranking problems (36). In our
case, we are not necessarily interested in ranking the entire set of
assistance preferences, but instead, we modeled the preference land-
scape. To elicit a user’s preference, we used a forced pairwise choice
paradigm: asking wearers to choose which control parameters were
preferred when given a choice between two candidates. See Materi-
als and Methods for details on the architecture and training process
of RankNet.

We modeled the user preference landscape across two controller
dimensions for the ankle exoskeletons: peak torque timing and peak
torque magnitude (Fig. 2, A and B). A single landscape was created
and trained on the basis of previously collected user preference data.
See the “Dataset” section in Materials and Methods for more detail
on the creation of the dataset. Most of the users’ preferred settings in
the dataset occurred past 55% of the gait cycle; thus, during optimi-
zation, RankNet sorts offspring primarily on the basis of peak
torque timing and provides a higher score with the timing later in
the gait cycle. Note that the total range of peak torque timing was
from 30 to 60%.

Validation of optimization in simulation
We first analyzed the performance of RankCMA-ES in simulation
by defining synthetic users’ preference profiles and simulated user
responses on the basis of these profiles (see the “Experimental pro-
tocol: Simulation” section). We analyzed the performance of
RankCMA-ES using leave-one-subject-out cross-validation and 1
+ 1 CMA-ES (39) as a baseline. We repeated the cross-validation
three times to account for stochasticity of the performance. The
baseline was chosen to see the effect of the preference model,
where the 1 + 1 strategy did not use the model information. In
general, the performance of RankCMA-ES exceeded the baseline
after 30 generations and reached the vicinity of ground-truth
optimal score in 150 generations, whereas the baseline showed sub-
optimal convergence (Fig. 2C). This result implicitly demonstrates
the sample efficiency of the proposed algorithm by leveraging the
model information.

In addition, we studied the effect of the number of offspring (λ)
on the performance of the algorithm. We found the effect of sched-
uling to be paramount; without scheduling, the algorithm failed to
reach the global optimum (Fig. 2D). The details of the algorithm,
including the scheduling, are described in the “Combining
RankNet with CMA-ES” section.

Validation of optimization with human participants
To further validate the proposed optimization algorithm, we had
participants choose between two torque profile settings while the
algorithm learned their preference and suggested optimized param-
eters. Participants walked on a treadmill at a fixed speed of 1.2 m/s
while wearing bilateral ankle exoskeletons (Dephy Inc.; Figs. 1 and
3D). They interacted with a touch screen interface that allowed the
user to change between two torque profile options (Fig. 3, B and C).
The user was instructed to try both options with no time limitation
until they were certain which profile they preferred. Once the user
decided on a preferred torque profile, they confirmed their selection
via a button on the user interface (note S1 and fig. S1). After the user
repeated the pairwise choice process 50 times (this number of gen-
erations was chosen on the basis of a pilot study), they entered a
validation session without being made aware of the change in
session type. For the validation session, the protocol was identical
to the main optimization session, except one of the two presented
torque profiles corresponded to the optimized profile [the last
torque profile the user selected before entering the validation
session (table S2)], whereas the other profile was obtained from a
set of randomly generated control parameters. There were a total
of 10 selectionsmade during the validation session. The progression
of preferred torque profiles for a representative participant for the
optimization and validation sessions is depicted in Fig. 4. On
average, the duration of the main session (optimization and valida-
tion) was 39 ± 18 min per trial across participants. A trial represents
both the preference elicitation session and validation session. We
have included the experimental duration for each participant in
table S3.

We calculated the mean optimized torque profile across trials for
each participant. Overall, users had distinctive optimized profiles
over the range of permissible parameters (Fig. 5, A and B). For
peak torque timing, the parameters ranged from 40 to 58% gait
cycle (all participants except for two had timing between 53 and
58% gait cycle). For peak torque magnitude, the parameters were
between 12 and 20 N m. The optimized rise time ranged from 20
to 33% gait cycle, whereas the optimized fall time ranged from 6
to 30% gait cycle. We observed that the optimized profiles
covered a wide area within the allowable range of torque;
however, peak torque timings were concentrated in a relatively
narrow range across participants (Fig. 5B). In addition, to
measure the variability of the optimal parameters within a user
across trials, we calculated the mean of the SD of the parameters
within users. The SDs of the optimal parameters were 7.0%, 3.3%,
1.3%, and 2.4 N·m for rise time, peak torque timing, fall time, and
peak torque, respectively. In this work, all torque values are repre-
sented as the commanded torque from the controller; there was
some minor discrepancy between the commanded torque and the
estimated torque from the applied current. The mean absolute error
between the commanded and actual torques was 0.56 ± 0.7 N·m
across all trials and participants.

We quantified the ability of users to identify their preferred
torque profile (validation accuracy) as the percentage that users se-
lected the optimized torque profile instead of the random profile
experienced during the 10 validation sessions. The minimum vali-
dation accuracy would likely be 50% on average, stemming from the
choice between two alternatives. We analyzed the mean and SD of
the validation accuracy across trials for each participant (Fig. 6A)
and found that participants with lower accuracy had higher
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variance. Overall, themean and SD across all participants was 87.8 ±
10.6%, with a 95% confidence interval of [84%, 90%], which dem-
onstrates that users were able to select optimized parameters over
the randomly generated parameters about 9 of 10 times. In addition,
we calculated the mean and SD of the validation accuracy across two
participant groups, knowledgeable and naive, on the basis of their
experience in the field of wearable robots (Fig. 6B). The accuracy for
the knowledgeable participant group and naive participant group
was 93.8 ± 8.8% and 80.0 ± 17.1%, respectively, with knowledgeable
participants significantly outperforming the naive participants (t
test, P = 0.001).

To investigate the underlying factors that drove misselection, we
analyzed how the difference between the random and optimized
torque profiles affected the validation accuracy for all participants.
To quantify this difference, we calculated the root mean square
error (RMSE) between optimized and randomized profiles.
Because RMSE is a continuous variable, we grouped the range of
errors into three groups—RMSE of 0 to 3, 3 to 6, and 6 to 9—
and calculated the average and SD of each group’s validation accu-
racy. To calculate the validation accuracy, the number of times a
user selected the optimized profile was divided by the total
number of user selections per RMSE group to account for the sto-
chasticity of the sampling process for the randomized profiles.
Using an analysis of variance (ANOVA), we were able to observe
that RMSE had a statistically significant effect on the validation

accuracy. Specifically, the difference between RMSE group 0 to 3
and group 3 to 6 and the difference between the RMSE group 0
to 3 and group 6 to 9 were significantly different (Fig. 6, C and D).

To study users’ adaptation to exoskeleton assistance, we exam-
ined the effects of the number of trials on the validation accuracy
and preferred control parameters. To this end, we fit linear mixed
effects models for validation accuracy and each control parameter.
We found that there were no significant effects (P> 0.05) of the
number of trials on validation accuracy or optimized control pa-
rameters. See figs. S3 and S4 for more details.

Last, to investigate the sample efficiency of our approach in the
human participant study, we calculated the number of selections
that users made until they selected the parameters that were used
for the validation session (table S4). On average, users made 43 se-
lections before continually selecting the same parameter sets for the
remainder of the preference elicitation session. That is, on average,
users kept selecting the same parameter sets from selections 43 to 50
before these settings were chosen for the validation session. Across
all trials (14 participants with three trials per participant), five trials
did not converge; in other words, for five trials, participants kept
changing the preferred parameters until the 50th selection.

Fig. 2. Estimated preference score from RankNet. (A) Users’ preferred controller settings (peak torque timing and peak torque magnitude) from (19). Note that these
are different users than the participants participating in this study. (B) Estimated preference score from RankNet, which we pretrained using the dataset in (19). In ac-
cordance with (A), scores are higher in the region where users’ settings are clustered. (C) Effect of RankNet in simulation. Comparison of optimization results between
RankCMA-ES and 1 + 1 CMA-ES. RankCMA-ES (blue) outperforms baseline CMA-ES (orange). The dashed line shows the score of global optimum (upper bound). (D) Effect
of lambda scheduling in simulation. RankCMA-ES with scheduling (blue) outperforms RankCMA-ES without the scheduling (red). The translucent bands represent 95%
confidence intervals
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Fig. 3. Torque assistance profile and experimental setup. (A) The shape of the torque profile for controlling the exoskeleton. Four settings—rise time, peak torque
timing, fall time, and peak torque magnitude—determine the shape of the assistance profile. (B) A real-world representation of the setup. (C) The placement and di-
mensions of the tablet where the GUI was presented to users. (D) The experimental setup for the preference optimization. (E) A bilateral ankle exoskeleton system (Dephy
ExoBoot) used in the experiment. The exoskeleton provides unidirectional plantarflexion assistance through a brushless motor and belt transmission during push-off.

Fig. 4. Progression of torque profiles for one representative participant (number 7, trial 3). (A) Selected torque profiles across number of generations. The red line
depicts the optimized profile (the profile selected by the participant at the end of the optimization). (B) All (selected and nonselected) torque profiles presented in one
preference elicitation session (50 generations). (C) Torque profiles presented during the validation session. The light blue lines represent randomly generated torque
profile, and the orange line represents the optimized torque profile. (D) Torque profiles when user selected the randomized profile over the optimized. For this particular
participant, the user selected the randomized (light blue) over optimized (orange) once out of the 10 selections during the validation session.
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Fig. 5. Optimized control parameters for users in this study averaged across trials. (A) The left plot shows the control parameters of peak torque timing and mag-
nitude, whereas the right plot depicts the optimized control parameters of rise time and fall time. The gray lines depict the bounds of each control parameter. Different
colors represent different participants, which correspond to the participant number in (B). (B) Average torque profiles of all participants. The gray lines depict the bounds
of the profile imposed by the control parameters (outside of these bounds, only a bias torque of 3 N·m was applied to the exoskeletons).

Fig. 6. Validation accuracy across trials for all participants; comparison based on prior knowledge and relation between validation accuracy and RMSE. (A) Mean
and SD of validation accuracy across trials for all participants. (B) Mean and SD of validation accuracy across knowledgeable and naive participant groups with respect to
their experience wearing exoskeletons. (C) Mean and SD of validation accuracy across RMSE groups. RMSE was measured by comparing the randomized and optimized
profiles in torque-gait phase space during the validation sessions, and the validation accuracy was calculated in three RMSE groups. (D) An example of torque profiles that
represent each RMSE group. An asterisk denotes a statistically significant difference (P < 0.05).
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DISCUSSION
In this work, we present a sample-efficient, active learning strategy
for optimizing control parameters on the basis of user preference
while the human is in the loop. By explicitly relying on the
learned preference function to lower the number of user queries,
our method reduces the overall number of samples necessary for
optimization of a new user’s unknown preference function com-
pared with an approach with no preference model (baseline
CMA-ES). We chose to optimize user preference because of its
ability to encompass multiple objectives perceived by the wearer.
Preferred settings were obtained using pairwise feedback when
comparing two different controller settings. We validated the per-
formance in both simulation and human participant experiments
with a robotic ankle exoskeleton. The average experimental valida-
tion accuracy, as captured by the user’s ability to distinguish the op-
timized control parameters from randomized settings, was 88%.
This accuracy indicates that users were able to reliably distinguish
and select their preferred settings and that the algorithm was able to
identify users’ preferred control parameters well. We also studied
whether previous experience with wearable robotics increases the
validation accuracy and observed that knowledgeable users had sig-
nificantly higher accuracy.

The main innovation of our work is twofold: First, we developed
a sample-efficient algorithm, which demonstrated repeatable per-
formance with high accuracy. We designed an algorithm by com-
bining RankNet with CMA-ES. The use of CMA-ES in assistive
exoskeletons has demonstrated its success in optimizing metabolic
rate during use (16, 40, 41); however, it was unknown whether
CMA-ES could successfully optimize human preference. Compared
with other works that used preference-based optimization of exo-
skeleton control, we achieved a higher validation accuracy [83.3%
on a single trial across users (34)]. The optimization approach in
(34) collected two types of feedback (pairwise and coactive),
which included five options, to optimize their algorithm.
However, only pairwise feedback was used to quantify the perfor-
mance of their approach. This indicates that our work is on par with
or better than existing preference optimization. Second, we inten-
tionally designed a system that can be used in the real world. The
only extraneous equipment needed includes a simple user interface
to collect feedback, which could reside on a tablet, smartphone, or
smartwatch, and thus eliminates the need for additional equipment
or supervision from experts. Our approach was implemented in a
multidimensional controller space while still requiring the simplest
form of user feedback (binary choice), thereby minimizing the cog-
nitive burden from the wearer. Recent previous work (19) required
users to track past history, which may be infeasible to directly search
higher-dimensional controller spaces. Our approach allows the user
to control the pace of tuning. For example, exoskeleton users may
wish to adjust their settings as they perform different activities or
stay on the same settings as long as they desire. We believe that
these contributions culminate in an approach that fosters advance-
ment in exoskeleton control and translation of exoskeleton
hardware.

One of the key ideas in our approach is the difference in the di-
mensionality of the previous data used for pretraining and the di-
mensionality of the optimized controller. That is, we trained a
preference model in a two-dimensional controller parameter
space and used these data to solve a higher (four)–dimensional

optimization problem for new users. Our results highlight two ad-
vantages: first, use of preexisting preference data that were collected
in a different modality (nonpairwise feedback) (19). This potential
benefit allows for data reuse, merging, and augmentation and
thereby reduces the costs of human testing and data collection.
The second advantage is extensibility to optimizing in higher di-
mensions. Similar to this study, we can reuse the preference data
that we collected for the four-parameter controller space and
apply them to a higher-dimensional controller parametrization.
However, note that the unmodeled parameters from (19) (rise
time and fall time) potentially have a lower effect on the overall
shape of the applied assistance.

The validation accuracy of 87.8 ± 10.6% shows that the proposed
algorithm was able to optimize the control parameters on the basis
of user preferences. During the validation sessions, users were able
to perceive the differences between optimized and randomized
control parameters and repeatedly identify their preferred settings.
The blinded validation test indirectly validates the performance of
the optimization, but it does not provide information on how close
the optimized settings were to the global optimum in the controller
parameter space. To mitigate this shortfall, we further analyzed how
validation accuracy increases as the randomized parameters deviat-
ed from the optimized parameters. The statistically significant effect
of RMSE on validation accuracy demonstrated that as the deviation
of randomized and optimized parameters increased, users were
better able to identify the differences. In addition, certain errors
in discerning parameters are inevitable because of limits on
human ability to perceive the differences. The just noticeable differ-
ence, which is a minimum change in stimuli humans can reliably
perceive (42), is used to quantify these perceptual abilities. Previous
studies showed that human participants could identify changes
between 3.6 to 6.8% of stride period in actuation timing using iden-
tical exoskeletons (43). This may indicate that when randomized pa-
rameters were within about 3% range of optimized parameters,
users would have not been able to distinguish between these two
assistance settings.

We further analyzed the validation accuracy by dividing users
into two groups on the basis of whether they had prior experience
or knowledge of exoskeletons (knowledgeable versus naive). We ob-
served that knowledgeable users performed significantly better than
naive users. This may indicate that familiarity with exoskeletons
contributes to sensing and identifying preferred control settings.
A similar study was conducted previously, where the precision in
identifying preferred settings was compared between these two
groups; although experienced users had better precision, there
was no statistical difference found in (19). This insignificance dis-
agrees with the results of our study and highlights an area for
future study.

One limitation of this approach is that the preference model is
pretrained, learned in advance on a dataset of different users, and
fixed during the optimization procedure. Although the model
(RankNet) is not updated on the basis of the current user, the algo-
rithm, which is based on CMA-ES, still optimizes and adapts to a
new user. The pretrained preferencemodel learns a single, aggregate
function across multiple users, without conditioning on specific
user information. This can be challenging if a new user is out of dis-
tribution from the model training set. For example, participant 8
showed a low optimized peak torque timing (38%) when compared
with other participants (about 55%). In general, RankNet
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recommended settings that had a higher peak torque timing during
the optimization process (Fig. 2B). This may have hindered the per-
formance of the algorithm for this participant, converging to a sub-
optimal setting, which, in turn, resulted in the lowest validation
accuracy among all participants (Fig. 6A).

One way to address the limitation of the fixed preference model
is to update or newly train RankNet on the basis of new users’ pref-
erence feedback; however, the challenge would be to carefully
choose the frequency ofmodel updates because training necessitates
abundant data (60,000 samples in this study), and updating too fre-
quently may lead to forgetting (44). Alternatively, we can devise a
neural network architecture that considers various user models and
adapt the latent user variable using meta-learning during trials,
which has proven effective for many robot learning scenarios
(45, 46).

In the human participant study, we used a fixed number of
queries (50 generations) as a stopping criterion for the optimiza-
tion. We chose a fixed number of iterations to avoid premature con-
vergencewhile balancing the overall walking time to prevent fatigue.
To investigate the sample efficiency of the convergence, we calculat-
ed the number of selections that users made until participants se-
lected the parameters that were used continuously for the
validation session. In future studies, thresholds for hyperparameters
of CMA-ES (step size and sum of weighted differences of samples)
can also be used to explore convergence (47).

An important area of future study is to understand the biome-
chanical or physiological changes that drive the user’s preferred
controller settings. A previous study using a custom, variable-stiff-
ness ankle prosthesis indicated that kinematic symmetry may be op-
timized at the user-preferred stiffness, whereas neither metabolic
rate nor body weight was supported (26). Although a definitive
understading of factors that shape user preferences remains an un-
explored area, we compared how the optimized torque profile from
this study compares with the profiles obtained when optimizing for
metabolic rate. In our study, the interparticipant means of control
parameters were 27.9%, 10.0%, 53.3%, and 16.1 N·m, whereas the
interparticipant means for metabolic rate optimization were
23.2%, 12.3%, 50.3%, and 53.6 N·m for rise time, fall time, peak
torque timing, and peak torque magnitude, respectively. Both
studies had similar walking speeds [ours: 1.20 m/s and (16): 1.25
m/s]. Overall, the parameters are similar, with the exception of
torque magnitude. This deviation likely stems from the difference
in the limits [ours: 7.8 to 20.7 N m and (16): 2 N m to 1 N m/
kg]. On the basis of the similarity of profiles between two parameter
sets, metabolic rate may be one of the factors that contribute to user-
preferred settings.

The motivation of this work was to provide a framework for au-
tomatically tuning exoskeleton control parameters that leveraged
user preference. Our algorithm enabled users to tune the controller
in real time using simple, pairwise feedback. Our work lays a foun-
dation for automated tuning systems for exoskeletons predicated on
maximizing user experience. We believe that leveraging preference
to control wearable robotic systems is important for these emerging
technologies to reach their potential.

MATERIALS AND METHODS
Modeling user preference
We used pairwise comparisons to elicit preference feedback and
used RankNet (36) to model preferences of exoskeleton assistance.
Previous work has demonstrated that a pairwise feedback system,
which asks users to choose between two options, is more reliable
than numerical scores (Likert or 1 to 10 scales) (23, 48, 49). Given
a true preference function f : Rd → R and a pair of settings xa, xb, a
user prefers setting a over b (a� b) if f(xa)� f(xb), where we use�
to denote the preferred setting from a pair. In this work, we used a
fully connected neural network to model the true function, which
provides continuous estimation of preference given a controller
setting. To learn an estimate f̂ of the preference function, we min-
imize the cross-entropy loss (29, 50, 51)

Lrankðf̂ Þ ¼ �
X

δalogP̂½xa � xb� þ δblogP̂½xb � xa� ð1Þ

where P̂ denotes the probability of preferring a setting using a
softmax function

P̂½xa � xb� ¼
exp f̂ ðxaÞ

exp f̂ ðxaÞ þ exp f̂ ðxbÞ
ð2Þ

and δ is a function in {0, 1} depending on the true preference

δa ¼ 1; δb ¼ 0 if xa � xb
δa ¼ 0; δb ¼ 1 if xb � xa

ð3Þ

Preference optimization with a learned model and user
feedback
Dataset
We created a dataset by using a previous study from our group that
identified preferred assistance settings across multiple users (19).
The assistance control parameters were peak torque timing and
peak torque, which were used to shape the torque assistance
profile of bilateral ankle exoskeletons (16). We used a total of 12
naive participants’ data with three speed conditions (1, 1.2, and
1.4 m/s) where each condition had eight trials. We converted par-
ticipants’ preferred controller settings into pairwise preference data.
Each sample had two sets of parameters and corresponding labels
indicating the user’s preference. For example, if xa� xb, the settings
are (xa, xb) and the label is (1, 0). We created a synthetic user pref-
erence function because we do not have access to the underlying
true preference landscape, and we assumed a convex shape for the
function. We then calculated a mean and covariance matrix of pre-
ferred settings across all (3 speed conditions × 8 trials = 24) trials for
each participant to fit two-dimensional Gaussian functions.
Because only the relative order between settings matters, the
actual value of the preference score (the Gaussian function value
for given a setting) was scaled to their preference. We uniformly
sampled the settings in the two-parameter space defined by the
bounds in (19) for a total of 60,000 samples across all participants.
Then, we used the output of the fitted Gaussian function to generate
pairwise labels for all sampled settings.
Model architecture and training
We used a multilayer, feed-forward, fully connected neural network
to model the preference function f̂ , which maps input (controller
settings) to a score (latent user score). We divided the dataset into
a training and validation set with an 8:2 ratio across all participants’
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data and trained RankNet, using the architecture in Fig. 7, on the
training set to minimize the cross-entropy loss (1). We used a sto-
chastic gradient-based optimizer, ADAM (52), with L1 and L2 reg-
ularization to prevent overfitting and trained for 10 epochs. To find
the optimal architecture and hyperparameters, we used Bayesian
optimization (53) to identify the parameters in relatively few itera-
tions compared with a grid search. The score function to maximize
the optimization was the estimated preference score, provided by
the model output trained on the validation set. After tuning, the
number of hidden layers, neurons per layer, type of activation func-
tion, regularization rate for L1 and L2, and batch size were chosen as
three, 220, tanh, 10–4, and 16, respectively.

Preference optimization algorithm
One of the key elements of our approach is using a learned prefer-
ence model to improve the sample efficiency of the optimization
cycles by reducing the number of user queries while using a
simple form of feedback from a user (pairwise comparison). We
used a trained RankNet model on a dataset of user preference
data to rank the offspring suggestions of CMA-ES. The modeling
component of our algorithm is inspired by Akrour et al. (54);
however, our approach differs in using RankNet instead of
RankSVM (55). We chose RankNet over RankSVM because of the
superior performance in ranking problems when multiple user data
are introduced, which stems from the loss function in RankNet
being pairwise differentiable (56, 57). Intuitively, the optimization
loop has two components: first, a user-independent preference
model, provided by RankNet, that acts as an approximation of
generic properties of the preference landscape, and second, a

user-dependent, black-box optimizer, provided by CMA-ES, that
guides the search for user-specific preferences. The optimizer pro-
vides suggestions based on explicit user feedback, which are then
relatively scored using an estimate of how preference is shaped
across users.

We first describe how basic evolutionary optimization, using
CMA-ES, is framed for the preference optimization problem and
then describe how we bring a learned preference model into the op-
timization loop. We refer to this combined algorithm as
RankCMA-ES.
CMA-ES
Given that the mapping of controller settings to user preference is
unknown but can be sampled, we can cast this problem as a black-
box optimization problem using CMA-ES (37). In our setup, a
sample is a set of candidate controller settings, and the unknown
function is the preference that would be attributed to that sample.

First, a population of samples was generated from a multivariate
normal distribution. Second, the user compared the best candidate
sample with the previously selected sample to decide which they
preferred between these two samples. Third, if the new candidate
sample was preferred over the previously selected sample, then
the shape and size of the normal distribution were updated
through covariance matrix C and step size σ adaptation, respective-
ly. Compared with standard evolutionary strategy, the mean of the
population’s distribution was updated on the basis of the covariance
matrix to increase the likelihood of the selection (37).

We used 1 + λ CMA-ES (38), which is a variant of traditional μ, λ
CMA-ES (37), where μ and λ denote the number of parents and off-
spring, respectively. “,” signifies that a new generation is selected

Fig. 7. RankNet architecture. During training, the neural network takes two sets of inputs (controller parameters) and minimizes the cross-entropy loss between the
output and ground truth preference label. Each control parameter set is passed through the feed-forward network and converted to an estimated score. The difference of
the scores from the two settings is calculated and converted to a probability of preferring one setting over the other.
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from only children/offspring, whereas “+” denotes that a new gen-
eration is selected from a pool of children and parents. 1 + λ CMA-
ES uses a size step adaptation based on a success rule as opposed to
path length control. The success rule is defined as the rate of suc-
cessful offspring λsucc/λ (offspring that have a better score than the
parent). Although the 1 + λ strategy may be prone to converging to
suboptimal local minima compared with traditional CMA-ES, it
converges faster, or equivalently, with fewer function evaluations
(38, 58), which makes it a more efficient algorithm for expensive
function evaluations involving human participants. We used a λ
of eight, which was selected on the basis of a pilot study, and for
other hyperparameters of CMA-ES (the strategy parameters), we
used values from (47) that are known to be suitable for real-world
applications.
Combining RankNet with CMA-ES
The optimization algorithm using CMA-ES and the trained prefer-
ence model through RankNet is outlined in Algorithm 1. The con-
tributions are the following: First, the offspring in each generation
are sorted using model inference. The specific offspring with the
maximum estimated model score is passed to the user, instead of
eliciting users’ preference for all offspring candidates. This substan-
tially reduces the number of queries required by users in each gen-
eration and overall by λ − 1 and N ⋅ (λ − 1), respectively, where N is
the total number of generations and λ is the number of offspring per
generation. Second, the user’s pairwise comparisons are directly
used for updating the optimized parameters. Specifically, the user
provides their preference between the previously selected best
parent and current generation’s best offspring for updating the co-
variance matrix of the CMA-ES. Therefore, only one user response
per generation is required to complete the optimization cycle.
Third, λ is decreased as the optimization progresses. In this study,
we used a scheduling scheme where λ is reduced by half every N
iterations. This eventually reduces our optimization to the 1 + 1
CMA-ES version toward the end of the process. The purpose of
the scheduling was twofold: (i) It was used to balance convergence
speed with optimization accuracy. Because of the uncertainty and
noise in modeling human preference, as the parent approaches
closer to the optimal control parameters, it may lack the granularity
of closely reaching the optimal points compared with 1 + 1 CMA-
ES. In this way, we can achieve fast convergencewhile not sacrificing
accuracy by initially leveraging the model (when accuracy matters
less) and gradually relying more on the user as the optimization ap-
proaches the optimal parameters. (ii) The scheduling was used to
account for potential changes in users’ preference in the early
stage of the trials. We initially used a large λ to have larger search
space, and as the experiment progressed, we gradually reduced λ
because we expected that user preferences would potentially stabi-
lize. Fourth, the model input can be a subspace of the optimization
parameter space. In this study, RankNet estimated a preference
score using peak torque timing and peak torque, two of the four
controller parameters in the optimization space (details in the
“Ankle exoskeleton control” section). This allowed us to use an ex-
isting preference dataset and thus reduced the need for costly
human participant time, data collection, and model building.

Study design
Experimental protocol: Simulation
We analyzed the performance of RankCMA-ES in simulation
(Fig. 2). The purpose of the simulation was to accurately measure

the performance of the algorithm in synthetic users’ preference
function; in human participant testing, we do not truly know the
optimum of the user. Optimization performance was measured
by the number of generations before convergence and how close
the final optimization was to the global optimum. We first
defined a synthetic preference profile using four-dimensional
Gaussian for 12 synthetic users where the peak of each Gaussian
represented preferred parameters of a synthetic user. Among pre-
ferred parameters, two parameters (peak torque timing and peak
torque) were chosen from the dataset described in the Dataset
section, meaning that the other two parameters (fall time and rise
time) were synthetically generated (sampled from a constrained
normal distribution given the bounds of each parameter). We syn-
thetically created fall time and rise time because they were fixed and
not tuned in the dataset we used (19). Second, we performed leave-
one-subject-out cross-validation trials to train RankNet and test the
optimization. The cross-validation was repeated three times (total
12 × 3 = 36 simulation runs) to account for stochasticity of the al-
gorithm. For the optimization, we fixed the number of generations
to 150 and the hyperparameters for RankNet and CMA-ES across
all validations. The number of generations was selected on the basis
of a pilot study for a single synthetic participant where the number
was sufficient for convergence. All function evaluations (model
outputs) were normalized in a [0, 1] range by making the Gaussian
for each participant have a maximum value of 1.

We conducted ablation studies to further analyze RankCMA-ES.
To study the effect of RankNet in optimization performance, we
compared the proposed algorithm with 1 + 1 CMA-ES, which in-
volved the same number of user queries per generation. In addition,
we investigated the effect of scheduling for λ, decreasing the number
of offspring as number of generation increases, by comparing the
performance of the optimization with and without scheduling.
We started with λ = 8 and reduced it by half every 10th generation
until λ = 1. The initial value and reduction frequency were deter-
mined by grid search to maximize the performance while other hy-
perparameters were fixed. The procedure for validation of both
ablation studies was identical to that in the above paragraph.
Experimental protocol: Human participant testing
The experimental protocol consisted of two practice sessions and
three optimization trials, where each optimization trial was com-
posed of preference elicitation and a validation session (Fig. 8).
All sessions were completed over the course of one study day.
During the first practice session, participants donned the ankle exo-
skeleton and walked on the treadmill while the exoskeleton was
powered off. This session was included to ensure that the users ad-
justed to walking with the exoskeletons on the treadmill. During the
second practice session, participants walked on the treadmill with
the exoskeleton powered on and providing torque assistance. The
users were asked to practice interacting with the tablet computer
[graphical user interface (GUI)] to change the torque settings on
the exoskeleton and to choose their preference until they were com-
fortable with the overall interface. For the main optimization
session, the users chose between two different torque profiles for
50 generations followed immediately by a validation session,
which consisted of selections between the optimal torque setting
(the user’s last preferred setting) and a randomized torque profile.
The users were given a break from walking every 10 min and
between every session. The breaks were designed to minimize
users’ fatigue, which may have affected their preference selections.
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Experimental duration was limited to less than 6 hours per day and
to 4 hours per session to refrain from strenuous exercise.

Participants
We recruited 14 able-bodied participants (10 male and 4 female;
average age, 26.8 years; height, 173 cm; weight, 69.3 kg; table S1).
Eight participants had prior experience with robotic exoskeletons
or were researchers in the field of wearable robotics (experienced
participants), and six participants had no prior experience with exo-
skeletons (naive participants). Experience information was self-re-
ported from a questionnaire provided before the experiment. All
participants provided informed consent to a protocol approved by
the University of Michigan Institutional Review Board.

Ankle exoskeleton system
Participants donned powered bilateral ankle exoskeletons
(ExoBoot, Dephy Inc., Maynard, MA) that provided unidirectional
actuation with a peak plantar-flexion torque of ∼30 N m (Fig. 3E).
Actuation was applied via brushless motors (T-motor U8 KV 100,
Nanchang, Jiangxi, China) by applying tension on the belt that is
fixed to a lever arm attached to the sole of the exoskeleton boot.
The belt produced a nonlinear transmission (4 ∼ 17:1) over the
range of ankle angle motion. The torque was reacted via shin
cuffs at the shank and carbon fiber plates embedded in the boots.
The exoskeleton was equipped with onboard sensors including
ankle joint and motor encoders, inertial measurement unit
(IMU), motor current, and voltage sensors. Each side of the exoskel-
eton (including boots) had a mass of 1.9 kg, and peripherals includ-
ed a battery (25-V LiPo) and a single-board computer (Raspberry Pi
3B+, Cambridge, UK) for controlling the actuator system, all of
which weighed 1.2 kg. The single-board computer, which included
higher-level controller logic, communicated with the exoskeleton
embedded system [FlexSEA (59)] of the actuator via USB. A
Python application programming interface (API) was used to

command actuation and read sensors from the system. The main
controller script on the single-board computer iterated at 200 Hz,
communicating with a closed-loop controller within the motor
drive, which closed internal loops at 1 and 10 kHz for position
and current control, respectively (60).

Ankle exoskeleton control
The exoskeleton provided torque as a function of gait phase. Com-
manded ankle torque (τankle) was converted to a desired motor
current, i, using an ankle transmission ratio N [7:1 ∼ 17:1, varies
as function of ankle angle (19)] and motor torque constant Kt
[0.14 N·m/A (60)]

i ¼
τankle
N � Kt

ð4Þ

where current and torque constants were represented in the q-axis
reference frame. The assistance torque profile was shaped using four
parameters: rise time, peak torque timing, fall time, and peak torque
magnitude, where the polynomial was defined by interpolation of
the parameters (Fig. 3A). The methodology of shaping was original-
ly developed by Zhang et al. (16) and was chosen for its ability to
render appropriate assistance functions and agreement with
prior studies.

We used a finite-state-machine controller API for the Dephy
ExoBoot, developed by Shepherd et al. (61). The controller had
four states that reflected human ankle joint kinematics. During
state 1 (late toe-off ), the belt was loosened using position control
to reach a desired slack to minimize resistance in swing-phase dor-
siflexion and allow for ground clearance. In state 2 (swing), the belt
maintained a desired slack as needed to exert zero torque. In state 3
(heel strike), the belt was spooled into the actuator to be taut and
ready to apply torque. In state 4 (toe-off ), the assistance torque
profile was applied using closed-loop current control, using the
profile shape generated by the four controller parameters. When

Fig. 8. Experimental protocol for human participant testing. The protocol consisted of the setup, two practice sessions, and three optimization trials that included a
preference elicitation and validation session. The practice sessions were designed such that users become familiar with the instruments and preference elicitation
process. During the preference elicitation session, users provided their preference between two settings (A and B). The last selected setting was used as the optimization
output and passed on to the validation session. Users were not aware of the validation session when comparing between the randomly generated and the optimized
control parameters. The sequence of settings in each selection was randomized to prevent users from memorizing the settings.
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the controller was in state 4, the assistance profile had a bias torque
of 3 N·m before rise time and after fall time. The bias torque was
applied so that the belt was taut to be in a state ready for applying
assistance.

The controller parameters were sampled from the CMA-ES op-
timization while remaining within predefined bounds. The bounds
of the four control parameters were informed by previous work on
ankle exoskeletons (16, 19). The bounds for the rise time, peak
torque timing, and fall time were from 10 to 40%, 30 to 60%, and
5 to 20% of the gait cycle, respectively, and the bound for the peak
torque magnitude was from 7.8 to 20.7 N m.

Statistical analysis
To quantify the success of the optimization in human participant
testing, we calculated validation accuracy as the percentage of
times the user chose the optimized control parameters over the ran-
domly generated parameters during the validation session. During
the main optimization sessions, we recorded the control parameters
during all generations, including that of the validation session. First,
we analyzed the validation accuracy by calculating the mean and SD
across validation sessions per participant. To calculate the confi-
dence interval of the validation accuracy, we modeled users’ selec-
tions as a linear mixed-effects model with a binomial distribution
and the logit function as the link function. Themodels included val-
idation accuracy as the response variable and participant as a
random effect for intercept.

In addition, we compared the validation accuracy between naive
and knowledgeable participants across all validation sessions using
a two-tailed t test. The significance level was defined at α = 0.05.

We hypothesized that as the randomized profile deviated further
from optimized profile, users would be able to better distinguish the
profiles than when the randomized and optimized profiles were
more similar to one another. To evaluate this hypothesis, we used
an ANOVA to measure the effect of RMSE between the randomized
and optimized profile on validation accuracy where validation accu-
racy was the response variable, RMSE was a fixed factor, and partic-
ipant was a random factor. To determine the statistical difference
between the groups, we performed post hoc comparisons using
Tukey’s post hoc test criterion. The significance level was defined
at α = 0.05. All statistical calculations were performed using
MATLAB (MathWorks, Natick, MA). One of the trials for partici-
pant 10 was excluded from all the analyses because of unanticipated
distractions that occurred during the experiment.
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