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E X O S K E L E T O N S

The role of user preference in the customized control 
of robotic exoskeletons
K. A. Ingraham1,2, C. D. Remy3, E. J. Rouse1,2*

User preference is a promising objective for the control of robotic exoskeletons because it may capture the multi-
factorial nature of exoskeleton use. However, to use it, we must first understand its characteristics in the context 
of exoskeleton control. Here, we systematically measured the control preferences of individuals wearing bilateral 
ankle exoskeletons during walking. We investigated users’ repeatability identifying their preferences and how 
preference changes with walking speed, device exposure, and between individuals with different technical back-
grounds. Twelve naive and 12 knowledgeable nondisabled participants identified their preferred assistance in 
repeated trials by simultaneously self-tuning the magnitude and timing of peak torque. They were blinded to the 
control parameters and relied solely on their perception of the assistance to guide their tuning. We found that 
participants’ preferences ranged from 7.9 to 19.4 newton-meters and 54.1 to 59.2 percent of the gait cycle. Across 
trials, participants repeatably identified their preferences with a mean standard deviation of 1.7 newton-meters 
and 1.5 percent of the gait cycle. Within a trial, participants converged on their preference in 105 seconds. As the 
experiment progressed, naive users preferred higher torque magnitude. At faster walking speeds, these individuals 
were more precise at identifying the magnitude of their preferred assistance. Knowledgeable users preferred higher 
torque than naive users. These results highlight that although preference is a dynamic quantity, individuals can 
reliably identify their preferences. This work motivates strategies for the control of lower limb exoskeletons in which 
individuals customize assistance according to their unique preferences and provides meaningful insight into how 
users interact with exoskeletons.

INTRODUCTION
The newest-generation lower-body exoskeletons are high-performance, 
untethered, and lightweight (1–4) but have not yet achieved adop-
tion as devices to augment able-bodied ambulation. One barrier to 
translation is that designing effective control systems for such 
devices is challenging due to the complexity of interfacing directly 
with the human body. For exoskeletons to achieve their full poten-
tial as augmentative devices, the robotic assistance must provide a 
benefit to the user while also synergistically integrating with the user’s 
neuromotor system. Fundamental to the realization of this vision is 
the definition of appropriate efficacy criteria, or objectives, for exo-
skeleton assistance. This is currently a rich field of study, yet the 
optimal objectives for able-bodied augmentation remain unknown. 
To accelerate the translation of robotic exoskeleton systems, it is 
imperative that control system designers analytically investigate 
metrics that capture a broad spectrum of relevant outcomes associ-
ated with exoskeleton use. Furthermore, to enable synergistic human-
robot interaction, we must expand our definition of optimality and 
consider not only how robotic assistance affects biomechanical ele-
ments of gait but also how individuals perceive, interact with, and 
learn from the assistance.

In many state-of-the-art exoskeleton control systems, a desired 
objective is maximized through the tuning—or optimization—of 
the controller architecture and associated parameters. Commonly, 
controllers for lower limb exoskeletons command parameterized 
assistance (such as joint torque or power) as a function of time (2), 
presumed location in the gait cycle (5–9), or muscle activity (10). 

The choice of the controller parameterization and the subsequent 
parameter tuning not only govern the behavior of the robot but also 
markedly affect the user’s walking mechanics and energetics (5, 7–9) 
and experience wearing the device (11). Although various objectives 
for lower limb exoskeleton assistance have been explored (12), by 
far the most common physiological objective for able-bodied aug-
mentation has been to reduce the metabolic cost of the user (4). A 
promising technique to minimize the user’s energy cost is known as 
human-in-the-loop optimization (13–17). In this paradigm, the user 
performs a continuous activity, such as walking on a treadmill, while 
an online optimization algorithm iteratively modifies characteristics 
of the exoskeleton’s assistance profile to arrive at the optimal settings. 
A real-time estimate of the user’s metabolic cost serves as the cost 
function that the algorithm seeks to minimize (18). Recent experi-
ments have demonstrated that human-in-the-loop optimization has 
the potential to yield large energetic savings while wearing an exo-
skeleton with optimized control settings compared with unassisted 
walking (13, 16). However, human-in-the-loop optimization methods 
are currently limited by their reliance on one, predefined, measur-
able physiological objective as a metric of device efficacy.

In reality, users may prioritize any number of different metrics 
simultaneously while wearing a robotic exoskeleton, such as com-
fort, stability, pain, symmetry, or perceived effort. Thus, current 
controller optimization techniques based solely on minimizing 
energy expenditure omit valuable information. However, it is chal-
lenging to design a control system based upon subjective quantities. 
Even if it were possible to robustly measure such metrics, we would 
not know how to properly assign weights to the discrete metrics to 
meet an individual user’s needs. Alternatively, asking users about 
their preference may inherently encode relevant information from 
multiple sources related to the user’s experience. With user prefer-
ence as an objective function for exoskeleton control optimization, 
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the potential emerges for individuals to customize the device assistance 
according to their own criteria for optimality. In this paradigm, the 
user performs their own optimization internally, which eliminates 
the burden on researchers to identify, measure, and assign individual 
weights to the myriad unknown elements that comprise optimal 
exoskeleton assistance.

In addition to its role as a target for controller optimization, user 
preference may also be used to promote synergistic human-robot 
interaction. Current exoskeleton controllers with the human “in the 
loop” measure physiological signals (such as muscle activity or 
metabolic cost) to inform the assistance generation, but this type of 
shared-control paradigm is unidirectional—the wearer has no con-
scious control over the assistance provided by the device. Researchers 
across many fields of assistive and rehabilitation robotics have 
demonstrated that bidirectional interaction is generally preferred 
by users and that high levels of user satisfaction are required for 
the acceptance of autonomous robotic assistance (19–23). However, 
control sharing is a relatively nascent field when applied to robotic 
exoskeleton technology (especially for able-bodied augmentation), 
and it is not yet known which types of control sharing paradigms 
may be appropriate. To address this challenge, it is important to 
understand the characteristics and temporal features of user prefer-
ence, such as how quickly and reliably users can identify their pref-
erences or how preference changes over time. Understanding these 
facets of preference may provide practical benchmarks for imple-
menting future shared-control frameworks.

To use preference as an optimization criterion for lower limb exo-
skeletons, it must be robustly measured, and we need to understand 
how it changes as individuals adapt to the assistance. Recent studies 
have investigated users’ preferences in assistance provided by lower 
limb prostheses (24–30) and exoskeletons (11, 31–34). To measure 
preference, some studies used a forced choice paradigm, in which 
participants were presented with pairwise comparisons (A-B testing) 
(29, 31–33) or asked to compare a condition to their own internalized 
preference (24, 25). Data obtained from such methods can be used 
to identify or learn a user’s preference, but it may require extended 
experimental time to obtain enough comparisons. As an alternative to 
forced choice methods, some studies used a method of adjustment, 
in which individuals adjusted control parameters until they achieved 
their preferred assistance (26–28, 30, 34). Such “self-tuning” methods 
are advantageous because they can quickly yield an individual’s pref-
erence and are intuitive to the user—it is easy to imagine someone 
using a smart phone or watch to adjust their settings during activities 
of daily living. Previous studies have demonstrated success using self-
tuning to identify individual preferences in one dimension (26, 27), 
yet it is an open question how to extend these methods to multiple 
dimensions. One option is to perform one-dimensional sweeps 
through each parameter sequentially (28), but this method is time 
consuming and does not allow participants to assess how potential 
interactions between parameters affect their preference. Prior studies 
have laid the foundation for the robust measurement of user prefer-
ence, yet to our knowledge, no studies have investigated how user 
preference changes as individuals adapt to robotic assistance.

Incorporating user preference into exoskeleton control systems 
has the potential to increase user satisfaction, promote acceptance, 
and add a rich source of information that cannot be easily measured 
using standard biometric sensors. Yet, preference-based control for 
lower limb exoskeletons is a relatively new research area, and we 
must first answer fundamental questions about user preference in 

the context of exoskeleton control. The goal of this study was to 
measure users’ preferences in the applied torque characteristics of 
bilateral robotic exoskeletons and characterize how preference varies 
with walking speed, device exposure, and prior technical knowledge. 
We developed a two-dimensional grid interface that allowed partic-
ipants to explore different settings in real time and identify their 
preferred assistance. Individuals were presented with a blank grid 
with changing axes, and they were not given any information about 
the control system parameters—the only instruction they were given 
was “find your preference.” This paradigm ensured that participants 
relied upon their perception of the robotic assistance to guide their 
tuning and enabled us to systematically characterize trends in users’ 
preferences across repeated trials.

In this study, 24 nondisabled participants (12 naive and 12 knowl-
edgeable exoskeleton users) wore bilateral robotic ankle exoskeletons 
and self-tuned two parameters of the device’s applied torque profile 
to identify their preferred assistance (Fig. 1 and figs. S1 and S2). 
Here, we analyze participants’ preferred assistance parameters, how 
precisely they identified their preferences across repeated trials, and 
the strategies they used to find their preferences. We found that sev-
eral features of participants’ preferences, precision, and exploration 
strategies varied with walking speed or time spent using the device, 
as well as between naive and knowledgeable exoskeleton users. This 
work demonstrates that individual users have unique preferences in 
their exoskeleton assistance that they can quickly and reliably iden-
tify. These results inform the design of preference-based control 
strategies for lower limb exoskeletons and provide meaningful 
insight into how users interact with exoskeleton assistance.

RESULTS
Individuals reliably identified unique preferences 
in characteristics of their robotic exoskeleton assistance
To identify their preferred exoskeleton assistance parameters, 
participants were presented with a blank two-dimensional grid 
displayed on a touch screen tablet (Fig. 1B). Touching the grid 
instantaneously changed the torque profile the user experienced by 
commanding the magnitude and the timing of peak torque (Fig. 1C). 
Participants were instructed to explore the grid before deciding on 
their preference (Fig. 1D). The naive cohort (who had no prior exo-
skeleton experience) performed three blocks of eight preference-
identification trials, for a total of 24 trials. The participant’s walking 
speed (1.0, 1.2, or 1.4 m/s) varied between trial blocks, and we 
block-randomized the presentation of speeds.

Across all trials, naive participants’ preferred magnitude ranged 
from 7.9 to 19.4 Nm (Fig. 2A), or 95% of the explorable range. As a 
metric of participants’ precision across trials, the mean (SD) within-
participant standard deviation of preferred magnitude was 1.7 (0.7) 
Nm, or 13.2% of the explorable range. As a metric of the variability 
between participants, the between-participant standard deviation 
of preferred magnitude was 3.7 Nm (2.1 times the within-participant 
standard deviation). There was no correlation between preferred mag-
nitude and body mass (Pearson’s correlation coefficient, r = 0.13) or 
height (r = 0.31) (fig. S3).

Across all trials, naive participants’ preferred timing ranged from 
54.1 to 59.2% gait cycle (Fig. 2A), or 50% of the explorable range. 
The mean (SD) within-participant standard deviation of preferred 
timing was 1.5 (0.7) % gait cycle, which corresponds to 12.5% of the 
explorable range. The between-participant standard deviation of 

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



Ingraham et al., Sci. Robot. 7, eabj3487 (2022)     30 March 2022

S C I E N C E  R O B O T I C S  |  R E S E A R C H  A R T I C L E

3 of 12

preferred timing was 1.5% gait cycle (1.0 times the within-participant 
standard deviation). There was no correlation between preferred 
timing and body mass (r = −0.21) or height (r = −0.08) (fig. S3).

Across all trials, naive participants sampled 21.5 (SD: 6) settings 
and explored for 104.9 (34.2) s before confirming their preference. 
On average, participants took 4.3 (1.0) strides and spent 4.8 (1.3) s 
per setting before changing to a new setting.

Individuals’ preferred torque magnitude increased 
as the experiment progressed
We analyzed the effects of speed and trial block on naive participants’ 
preference using linear mixed-effects models (LMEMs). There was 
a significant effect of trial block on preferred magnitude (LMEM; 
P = 0.03) (Fig. 3B). From the slope of the model, we estimate that a 
participant’s preferred magnitude would increase by 1.5 Nm from 
the first to the last trial block (Table 1). We additionally observed a 
mild positive relationship between preferred magnitude and walking 
speed (LMEM; P = 0.19) (Fig. 3A). Participants’ preferred timing 
did not vary with speed (LMEM; P = 0.88) (Fig. 4A) or trial block 
(LMEM; P = 0.56) (Fig. 4B).

Individuals were more precise at identifying their preferred 
torque magnitude at faster walking speeds
We analyzed the effects of speed and trial block on naive participants’ 
precision. The standard deviation of participants’ preferred magni-
tude significantly decreased (participants became more precise) as 
walking speed increased (LMEM; P = 0.03) (Fig. 5A). From the slope 
of the model, we estimate that a participant’s standard deviation of pre-
ferred magnitude would decrease by 0.5 Nm as walking speed increased 

from 1.0 to 1.4 m/s (Table 1). The stan-
dard deviation of participants’ preferred 
magnitude exhibited a decreasing trend 
with respect to trial block (LMEM; P = 
0.16) (Fig. 5C). For the standard devia-
tion of preferred timing, we observed a 
trend toward increased precision with in
creasing speed (LMEM; P = 0.14) (Fig. 5B). 
The standard deviation of preferred timing 
did not vary with trial block (LMEM; 
P = 0.98) (Fig. 5D).

Individuals became more efficient 
at identifying their preferences 
as the experiment progressed
We analyzed the effects of speed and trial 
block on naive participants’ exploration 
strategies. Trial block had a significant 
effect on all four exploration strategy 
outcomes (Table 1). The models pre-
dicted that from the first to the last trial 
block, participants would explore 6.6 fewer 
settings (LMEM; P = 0.03) (Fig. 6E), re-
duce total exploration time by 57.4 s 
(LMEM; P < 0.001) (Fig. 6F), take 0.9 fewer 
strides per setting (LMEM; P = 0.001) 
(Fig. 6G), and reduce time per setting by 
1.0 s (LMEM, P < 0.001) (Fig. 6H).

Walking speed had a significant ef-
fect on the number of strides per setting 

(LMEM; P < 0.001) (Fig. 6C), and the model predicted that increas-
ing speed from 1.0 to 1.4 m/s corresponded to 0.6 more strides 
per setting (Table 1). With increasing walking speed, we observed 
a trend toward fewer settings explored (LMEM; P = 0.08) (Fig. 6A) 
and shorter exploration time (LMEM; P = 0.07) (Fig. 6B). Increas-
ing speed did not affect the time per setting (LMEM; P = 0.60) 
(Fig. 6D).

Individuals with prior exoskeleton knowledge or experience 
preferred higher torque magnitude
The knowledgeable cohort (who had prior exoskeleton knowledge 
or experience) performed a shortened protocol and completed one 
block of eight preference-identification trials walking at 1.2 m/s. 
We compared preference and precision outcomes between the naive 
and knowledgeable cohorts during the speed-matched condition 
(1.2 m/s). Knowledgeable participants preferred 3.8 Nm higher 
torque magnitude than naive participants (t test, P = 0.03, Cohen’s 
d = 1.06) (Fig. 7A). We did not detect differences between groups 
in their preferred timing (t test, P = 0.71, d = 0.15) (Fig. 7B), stan-
dard deviation of preferred magnitude (t test, P = 0.57, d = 0.45) 
(Fig. 7C), or standard deviation of preferred timing (t test, P = 0.49, 
d = 0.28) (Fig. 7D).

DISCUSSION
Participants identified unique preferences (Fig. 2), which corrobo-
rates mounting evidence that optimal exoskeleton assistance re-
quires individualized tuning. We observed several important 
factors related to the preferred characteristics of ankle exoskeleton 
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Fig. 1. Bilateral ankle exoskeletons and preference-identification protocol. (A) Bilateral ankle exoskeleton 
(Dephy). (B) Participants self-tuned their exoskeleton controller using a blank two-dimensional grid displayed on a 
touch screen tablet mounted to the treadmill. (C) Touching the grid instantaneously changed the torque profile that 
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(D) A representative preference-identification trial. Participants explored a blank two-dimensional grid, beginning at 
a random initial condition (red circle) and ending at their preferred settings (green circle). Black circles indicate the 
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assistance. First, participants’ magnitude preferences were distrib-
uted over 95% of the range of explorable settings. Most participants 
preferred to feel the exoskeleton assisting them to some degree and 
did not choose to eliminate the assistive torque. The exception to 
this may be participant 4 (who repeatedly selected the lowest torque 

setting available on the screen), but because we did not allow explo-
ration below ~7.8 Nm, we cannot say whether this individual would 
have preferred lower torque if it had been available to them. Simi-
larly, individuals did not repeatedly seek the maximum device assist
ance, which indicates that for this device, the range of exoskeleton 
torque provided in this study was inclusive of most participants’ 
preferences. Last, preferred magnitude did not scale with body mass 
or height (fig. S3). Unlike magnitude, participants’ timing prefer-
ences fell within a narrower band, and all but one of the partici-
pants’ preferences were concentrated between 56 and 59% gait 
cycle. This range of 3% gait cycle corresponds to 33 ms, or only 
6% of stance phase. These results demonstrate that individuals have an 
internalized representation of how they wish to receive exoskeleton 
assistance.

Individuals demonstrated their ability to precisely identify their 
preferences in two dimensions simultaneously, while navigating the 
interface relying solely on their perception of device assistance. Across 
naive participants, the mean standard deviation of preferred timing 
(1.5% gait cycle) corresponds to just 17 ms for the average stride time 
observed in this study. This variability is comparable with the mean 
stride-to-stride variability for the timing of biological peak ankle torque 
during treadmill walking, which is 0.9 to 1.5% gait cycle for speeds 
between 1 and 1.4 m/s (35, 36). The mean standard deviation of 
preferred magnitude (1.7 Nm) represents 1.7% of the average peak 
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treadmill walking at similar speeds is about 100 Nm (35).
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biological ankle torque observed during walking (35). This variability 
corresponds to only 20 to 40% of the mean stride-to-stride variability 
for the magnitude of biological peak torque during treadmill walking, 
which is 3.8 to 7.3 Nm for speeds between 1 and 1.4 m/s (35, 36). It is 
important to note that these results may represent the lower bound of 
an individual’s precision. In this study, participants were blinded to the 
control parameters and the axes were hidden and randomized be-
tween trials. In addition, the resolution of the touch screen and par-
ticipant’s finger size and ability to select a fixed target while walking on 
the treadmill may have further limited their fine-tuning capability. 
Experimental studies will be necessary to determine how the precision 
varies if participants are given feedback about their tuning choices 
and how it is influenced by features of the self-tuning interface.

Participants were also able to identify their preferred settings 
quickly, with an average exploration time of 1.8 min. Even if users 
needed to perform three to five repeated trials to obtain an average 
preference, the entire tuning procedure would take 5 to 10 min. 
This is faster than the pairwise comparison method used in (31), 
which required 20 trials for the algorithm to build an approxima-
tion of the user’s preference in one dimension. Together, the speed 
and precision of participants’ preference identification demonstrate 
that users are a reliable source of information, and that the two-
dimensional self-tuning paradigm may be an efficient method for 
implementing preference-based exoskeleton control systems.

Participants did not prefer peak torque magnitude and timing 
parameters that replicated the biological ankle’s peak torque as a 
function of treadmill speed. We observed only a mild trend between 
preferred magnitude and speed (Fig. 3A), and the effect was small. 

Our analyses predicted that preferred magnitude may increase by 
0.5 Nm (95% confidence interval: 0.0 to 1.1 Nm, P = 0.19) as treadmill 
speed increases from 1.0 to 1.4 m/s, which corresponds to a 6.7% in-
crease. From the literature, we estimate that the biological ankle’s 
peak torque increases by about 14.3% over the same range of treadmill 
speeds (35). Therefore, the increase in preferred peak torque mag-
nitude observed in our study is approximately half the expected 
increase in biological peak ankle torque during treadmill walking. 
With regard to timing, the peak timing that individuals preferred in 
this study (56 to 59% gait cycle) is considerably later in the gait cycle 
than the peak of the biological ankle torque, which falls in the range 
of 45 to 49% gait cycle (35, 37). Preferred timing also remained con-
stant with respect to speed (Fig. 4A). Analysis of a recently published 
dataset indicates that the timing of peak biological torque occurs 
about 1.2% gait cycle earlier when walking on a treadmill at 1.4 m/s, 
compared with 1.0 m/s (35). While an intuitive starting place for de-
signing ankle exoskeleton assistance is to supplement the biological 
ankle by replicating its mechanics during walking (38, 39), the ob-
servations from our study indicate that users’ preferred peak torque 
magnitude and timing do not follow trends in the biological ankle’s 
peak torque with increasing treadmill speed. This suggests that there 
are complex and potentially counterintuitive mechanisms driving 
user preference.

One of our key findings is that user preference is not a static 
quantity, and naive users’ preferred magnitude increased as the ex-
periment progressed (Fig. 3B). There are numerous potential expla-
nations for this result, and we elaborate here on only some of the 
possibilities. Because our participants were healthy young adults and 

Table 1. Results from LMEMs for each outcome with speed and trial block as fixed effects. Bold text indicates a significant effect with P < 0.05. 

Fixed effect = speed (tested range 1–1.4 m/s) Fixed effect = trial block (tested range 1–3)

Outcome Fixed effect parameter 
estimate [95% CI] P value†

Expected 
change over 

tested range* 
(0.4 m/s)

Fixed effect parameter 
estimate [95% CI] P value†

Expected change 
over tested range* 

(2 blocks)

Preference 
outcomes

Preferred 
magnitude (Nm) 1.33 [–0.07, 2.72] .19 0.53 0.77 [0.21, 1.33] .03 1.54

Preferred timing  
(% gait cycle) –0.54 [–1.90, 0.82] .88 0.21 –0.11 [–0.48, 0.26] .56 –0.22

Precision 
outcomes

Std. dev. of 
preferred 

magnitude (Nm)
–1.26 [–2.14, –0.38] .03 –0.05 –0.17 [–0.35, 0.003] .16 –0.35

Std. dev. of 
preferred timing 

(% gait cycle)
–1.26 [–2.62, 0.10] .14 –0.50 0.00 [–0.28, 0.27] .98 –0.01

Exploration 
strategy 
outcomes

Number of settings 
explored  

(# settings)
–7.51 [–14.07, –0.94] .08 –3.00 –3.30 [–5.67, –0.93] .03 –6.60

Exploration time (s) –38.17 [–73.57, –2.78] .07 –15.27 –28.68 [–41.11, –16.26] < .001 –57.36

Number of strides 
per setting  
(# strides)

1.48 [0.76, 2.20] < .001 0.59 –0.42 [–0.64, –0.20] .001 –0.85

Time per setting (s) 0.21 [–0.58, 1.00] .60 0.08 –0.51 [–0.75, –0.28] < .001 –1.03

†P values have been adjusted using family-wise Holm-Bonferroni correction.     *Expected change was calculated by multiplying the parameter estimate by 
the difference over the tested range (0.4 m/s or 2 blocks).
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walked for just 22 to 77 cumulative minutes [similar to (13, 16)], 
with breaks every 1 to 3 min, we strongly believe that the effect is 
not a result of fatigue. Another possibility is that individuals discovered 
strategies to adapt their gait biomechanics to comfortably accept 
higher exoskeleton assistance. As one example, if individuals were 
initially destabilized by the exoskeleton assistance [as proposed in 
(40) and (41)] and thus preferred lower torque, they may have 
subsequently found gait strategies to accommodate higher torques 
while maintaining stability. Last, it is possible that a naive user’s 
neuromotor system requires a certain duration of time and/or prac-
tice to adapt to exoskeleton assistance, and this adaptation manifests 
as changes in preferred torque magnitude. Support for this explana-
tion may be found in previous studies demonstrating that bio-
mechanical quantities (such as ankle kinematics and muscle activity) 
required 20 to 30 min to reach steady state in response to powered 
exoskeleton assistance (42, 43). However, Cain et al. (43) also con-
cluded that users’ neuromotor adaptation changes depending on 
the control strategy used, so we cannot definitively extrapolate these 
results to our experiment. Because preference-based control for 
robotic exoskeletons is a relatively new research area, the time scale 
for a new user’s preference adaptation has yet to be determined. 
Our study demonstrates that participants’ preferred torque magni-
tude increases by 1.5 Nm over the course of 24 self-tuning trials (or 
22 to 77 min of active exoskeleton use). These data may be used as a 
benchmark to determine how often a user might need to retune a 

preference-based exoskeleton controller or, alternatively, as moti-
vation to design controllers with user preference continuously eval-
uated in the loop.

As the experiment progressed, in addition to preferring higher 
torque magnitude, participants also became more efficient at iden-
tifying their preferred magnitude. Examining changes in the partic-
ipants’ interaction with the self-tuning interface elucidates important 
elements related to how naive exoskeleton users learn to navigate 
the grid and identify their preferences. Participants’ efficiency 
significantly increased as trial block increased, as quantified by all 
four exploration strategy metrics (Fig. 6, E to H) Simultaneously, we 
observed a moderate downward trend toward increased precision 
in preferred magnitude with respect to trial block (Fig. 5C). From a 
practical standpoint, participants likely developed strategies to 
navigate the grid interface more effectively with practice. Anecdotally, 
we observed that many participants streamlined their exploration 
strategy as the experiment progressed and converged to a “quadrant-
based” strategy; participants would sample one to two settings from 
each quadrant of the grid, select the quadrant that felt best, and then 
fine-tune within the chosen quadrant (fig. S4). Our models revealed 
that, over the course of the experiment, participants would sample 
6.6 fewer settings and explore for 57 fewer seconds before confirm-
ing their preference (Table 1), and we believe that it is reasonable to 
attribute these results to a more efficient exploration strategy. How-
ever, participants’ increased efficiency and trend toward increased 
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precision could also point to adaptation in their perception of the 
exoskeleton assistance. Higher precision identifying their preferred 
magnitude may suggest that their ability to differentiate between 
similar magnitude settings improved or that they developed a more 
specific internal definition of their preference. An increased perceptual 
awareness may also be illustrated by examining the average number 
of strides individuals took at a given setting before selecting a new 
setting. Our analyses demonstrate that participants would take 
0.9 fewer strides (and spend one less second) per setting in the third 
trial block compared with the first (Table 1). Therefore, as the exper-
iment progressed, participants were able to make the same internal 
determination (“how does this feel, and do I like it?”) at a particular 
setting more quickly, in approximately one fewer stride. At this time, 
we have not measured the human’s perceptual ability to distinguish 
between characteristics of exoskeleton assistance (for example, 
the just noticeable difference), but quantifying this metric would 
aid in the interpretation of these results. From a control design 

perspective, these findings demonstrate that as participants gain ex-
perience using the device, they become more adept at searching for, 
and deciding upon, their preferred exoskeleton assistance.

An unexpected finding was that as walking speed increased, 
participants were significantly more precise in identifying their 
preferred magnitude (Fig. 5A), and we observed a moderate trend 
toward increased precision in identifying their preferred timing 
(Fig. 5B). These results are intriguing, especially considering that 
participants also trended toward increased efficiency (fewer settings 
explored and shorter exploration time) as speed increased, although 
these results were not statistically significant (Fig. 6, A and B). As 
the order of speeds a participant performed was evenly distributed 
within the participant pool, we do not believe that these are order 
effects. One possible explanation for the increased precision is that 
participants simply took more strides at faster speeds and therefore 
had increased exposure to the exoskeleton assistance. Participants 
did, in fact, take slightly more strides per setting at faster speeds 
(Fig. 6C), but did not spend more time per setting (Fig. 6D), which 
indicates that the increased stride count per setting is likely a result 
of faster treadmill belt speed. However, participants did not take 
more total strides per trial as speed increased. The average total 
number of strides taken per trial decreased monotonically with 
increasing walking speed, which may also explain the trend toward 
decreased total exploration time. Therefore, it does not seem that 
participants’ increased precision with increased walking speed is 
attributable to more time spent walking or more total strides taken 
at faster speeds. An interesting hypothesis to explain these results is 
that an individual’s “preference gradient” is steeper at faster walking 
speeds. In essence, this would mean that participants are more sen-
sitive to the settings that feel good to them, and therefore select a 
more concentrated set of preferred settings. It could be that, at faster 
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walking speeds, participants feel less stable or less comfortable at 
settings farther away from their preference. Alternatively, if indi-
viduals were more sensitive to the power delivered by the exoskeleton 
than the torque, they may be more precise in identifying their 
preferences in conditions with higher exoskeleton power, when the 
same torque burst is applied in concert with faster ankle angular 
velocity (44). The observed increase in precision at faster walking 
speeds is unexpected because the assistive torque (with a fixed width 
of 20% gait cycle) occurs over a shorter duration of time as walking 
speed increases and stride time decreases. This suggests that users 
are not only sensing the torque burst itself to decide on their prefer-
ence, but they are actually evaluating the assistance over the entire 
gait cycle.

As discussed so far, user satisfaction and comfort are likely key 
elements that will affect the adoption of augmentation-focused exo-
skeleton technology in the future. Another critical piece may be 
user education surrounding the potential benefits of such devices. 
In this study, we observed that knowledgeable participants (who 
were researchers in the field of wearable robotics) preferred 3.8 Nm 
higher torque than the naive participants during the nominal speed 
condition (Fig. 7A). All participants were both read an identical 
script at the beginning of the experiment, so initial education did 
not bias our results. It is interesting that not all members of the 
knowledgeable cohort actually had prior experience walking using 
a powered exoskeleton, and there was no correlation between the 
previous number of hours spent walking using a robotic exoskeleton 
and preferred assistance settings (table S1). Therefore, we would not 
expect the knowledgeable participants’ preferences to represent an 
asymptote of the naive participants’ preferences as they gain walk-
ing experience. Rather, it appears that knowledgeable participants’ 
experiences as researchers in the field primed them to prefer higher 
assistance from the exoskeleton. One possibility is that knowledge-
able participants were more aware of the potential benefits of robotic 
assistance (energy cost reduction, for example) and thus preferred 
higher magnitudes. These findings speak to the importance of 
educating new users about the potential benefits of exoskeleton 
technology, because this knowledge may change the way the user 
interacts with the device and the assistance they prefer. For exoskeleton 
researchers, these results also expose the critical need to expand our 
recruitment pools beyond members of our research community—if 
we only perform experiments on knowledgeable individuals, we will 
likely miss out on important data indicating how naive users learn 
to use augmentative exoskeletons.

At this time, we can only speculate about why a participant se-
lected their preferred settings or what quantities the individual may 
be seeking to optimize with their selection (such as energetics, 
stability, or comfort). In a recent study, Clites et al. (30) measured 
users’ preferred stiffness of a custom ankle prosthesis while simulta-
neously recording anatomical, kinematic, kinetic, metabolic, and 
validated outcomes data to explore the relationships between pref-
erence and biomechanical and behavioral quantities. Their work 
demonstrated that kinematic symmetry may be a key correlate with 
user preference. Similar studies could examine such relationships in 
lower limb exoskeletons to understand what measurable quantities 
correlate with preference. In addition, collecting participant feedback 
through questionnaires or validated scales (such as the Borg Scale of 
Perceived Exertion) will help elucidate the factors driving an indi-
vidual’s preference selection. From a control design perspective, it is 
currently unknown how preferred control parameters differ from 

those selected by other tuning methods (such as human-in-the-loop 
optimization) and how using preference-based controllers corre-
sponds to desirable biomechanical and energetic performance.

With our controller, we were limited to providing about 22 Nm 
of exoskeleton torque, which was the maximum we could reliably 
provide step-to-step without saturating the current limits of the 
device. While this is a relatively low amount of torque compared with 
similar studies (13, 38), the maximum torque limit was high enough 
to capture all the naive participants’ preferences. Because we were 
limited by the maximum torque we could provide, we had partici-
pants self-tune their torque magnitude in newton-meters (as opposed 
to the more common body-mass–normalized newton-meters per 
kilogram). This ensured that we did not need to reduce the maxi-
mum limit for heavier individuals. We performed the same analyses 
presented in this study using participants’ normalized magnitude 
preferences (in newton-meters per kilogram), and the interpretation 
of our results did not change (Supplementary Text, figs. S5 to S7, 
and table S2). We did not measure exoskeleton torque directly but 
calculated it from the motor current, torque constant, and instanta-
neous transmission ratio. Given the high torque density of the actuator 
(45), the high efficiency of belt drives (46), and the low transmission 
ratio (15:1), we expect that the actual torque will be close to this esti-
mated torque. Recent studies using exoskeletons with low transmission 
ratios (from 7:1 to 25:1) have demonstrated good agreement between 
estimated and actual torque (3, 47–49), but this has not been exper-
imentally validated for our system at this time. In addition, we 
periodically tightened the exoskeleton straps throughout the exper-
iment to mitigate energy losses at the human-exoskeleton interface.

In this study, participants tuned two shaping parameters of the 
torque profile—peak torque magnitude and timing—while the rise 
time and fall time were held constant. Allowing participants to tune 
different parameter combinations would result in distinct exoskeleton 
mechanics (torque onset and offset times, total power), and it is not 
yet known how such characteristics influence users’ preferences and 
precision. Participants performed one self-directed practice session 
(about 5 min) before performing the experimental trials, and we do 
not know how longer familiarization periods would affect the results. 
In addition, participants performed trials at fixed speeds instead of 
their self-selected speed, which may not be representative of how 
exoskeleton users would ambulate outside the laboratory. In this 
study, we compared the knowledgeable cohort with the naive cohort 
during their speed-matched condition (1.2 m/s), but we could have 
used the naive cohort’s trial-matched condition (trials 1 to 8). We 
performed this additional analysis, and it did not change the ob-
served differences between groups (Supplementary Text, fig. S8).

This foundational study establishes that users have unique pref-
erences in their robotic ankle exoskeleton assistance and that they 
can precisely and quickly identify these preferences using a two-
dimensional self-tuning interface. Because participants were blinded 
to the parameters they were tuning, this paradigm encouraged par-
ticipants to customize the device assistance using their own percep-
tion and internalized representation of preferred device assistance. 
In conclusion, the results from this study demonstrate that robotic 
exoskeleton users are a reliable source of information related to their 
experience wearing the device. As such, we advocate for the inclusion 
of user preference in the design of future control systems—such 
systems may seek to optimize user preference or consider preference 
as one objective in a multi-objective optimization scheme, along-
side other important performance metrics, such as energetics or 
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biomechanics. Incorporating users’ control preferences has the po-
tential to promote synergistic human-robot interaction and acceler-
ate the translation of augmentative exoskeleton systems.

MATERIALS AND METHODS
Study design
A cohort of 12 naive participants self-tuned the magnitude and 
timing of the assistive torque using a touch screen tablet (Fig. 1). 
We conducted repeated preference-identification trials at each of 
three walking speeds, presented in a block-randomized order. 
We quantified how individual preferences varied with both walking 
speed and time spent interacting with the device (trial block). Within 
this paradigm, we characterized how individuals searched for and 
identified their preferences and learned to use the tuning interface. 
Last, we investigated how prior knowledge of exoskeletons affected 
user preference. We repeated a shortened version of the self-tuning 
protocol at one speed with a cohort of 12 knowledgeable participants 
(researchers in the field of wearable robotics) and compared their 
preferences with those of the naive participants.

Participants
We recruited a naive cohort of 12 nondisabled participants (6 male 
and 6 female; mean age, 32.1 years; height, 1.77 m; weight, 78.6 kg) 
who had no prior experience walking using a robotic exoskeleton 
and were not researchers in the field of wearable robotics; this in-
formation was self-reported by participants on a questionnaire. We 
also recruited a knowledgeable cohort of 12 nondisabled participants 
(9 male and 3 female; mean age, 27.3 years; height, 1.77 m; weight, 
69.0 kg) who self-identified on the questionnaire as researchers in 
the field of wearable robotics and reported from 0 to 100+ hours of 
walking using a robotic exoskeleton (table S1). Before data collec-
tion, all participants provided informed consent to a protocol ap-
proved by the University of Michigan Institutional Review Board. 
Individuals recruited for this study had no history of serious lower 
limb injury, had no neurological diseases affecting their movement 
or balance, and were not pregnant. Participants self-reported their 
gender, height, and age, and we measured their weight (table S1).

Ankle exoskeleton hardware
Participants wore bilateral ankle exoskeletons (Dephy Inc., Maynard, 
MA) (Fig. 1A and fig. S1). Each exoskeleton comprises an actuator, a 
boot, and a strut. The actuator (T-motor U8-KV100, Nanchang, 
Jiangxi, China) is a brushless motor that provides plantarflexion 
torque about the ankle joint by spooling an inelastic cable that is 
rigidly attached to a short lever arm on the boot. The lever arm is 
rigidly connected to a footplate embedded in the sole of the boot. 
The actuator is mounted to a strut, which is connected to the boot 
via the ankle hinge joint and affixed to the wearer’s shank with an 
adjustable calf strap. Each exoskeleton has several onboard sensors: 
an absolute encoder at the ankle joint that measures ankle joint angle 
and velocity, an incremental encoder on the motor that measures 
motor angle and velocity, a current sensor that measures motor current, 
and an inertial measurement unit (IMU) that measures acceleration 
and angular velocity of the shank.

The exoskeleton geometry creates a nonlinear transmission 
ratio, which varies as a function of ankle angle. Using a benchtop 
test, we empirically characterized the exoskeleton’s transmission 
ratio curve (the transmission ratio as a function of ankle angle) and 

represented this function as a fourth-order polynomial. Over the 
ankle angle’s normative range of motion (40° plantarflexion to 20° 
dorsiflexion), the transmission ratio varies from 7:1 to 17:1, with a 
mean of 15:1 (fig. S9). A detailed description of the characterization 
procedure is provided in Supplementary Materials and Methods.

Participants wore a hip sack holding the lithium polymer batteries 
and the control microprocessor (Raspberry Pi 4, Cambridge, UK). 
In total, the bilateral device weighed 5 kg (boots: 1.1 kg; bilateral 
exoskeletons: 2.7 kg; battery and control pack: 1.2 kg). Before data 
collection, we fit each participant with the exoskeleton by selecting the 
properly sized boot, securing the calf straps and hip sack, and ad-
justing the posterior wires so that they did not hinder leg movement.

Ankle exoskeleton control
The exoskeleton controller prescribed exoskeleton torque as a func-
tion of stride percentage. The torque profiles were characterized by 
two shaping parameters: the magnitude of peak torque (newton-
meters) and the timing of peak torque (percent gait cycle) (Fig. 1C). 
These torque profiles were designed using the methodology estab-
lished by Zhang et al. (13), which generates polynomial coefficients 
that define the rising and falling portions of the exoskeleton torque 
as a function of stride percentage. A finite state machine governed 
the torque generation during each stride. The state machine had 
five states, and transitions between states occurred at set percentages 
of the stride (fig. S10). The total stride time used to calculate the 
current stride percentage was the average of the past three stride times, 
where stride time was measured from left heel contact to ipsilateral 
heel contact. We identified heel contact using shank angular veloc-
ity measurements from the on-board gyroscope. At subsequent heel 
contact (100% gait cycle), the mean (SD) phase error between calcu-
lated stride percentage and actual stride percentage was 0 (2.3) % 
gait cycle; the mean absolute phase error was 1.6%. As a first-order 
approximation, we assume that the phase error accumulates linearly 
with the gait cycle and estimate that the mean absolute phase error 
would be about 0.9% gait cycle, or 10 ms, at the average peak time 
observed in our study (57% gait cycle).

During states when the exoskeleton produced plantarflexion 
torque, we controlled the device using current control. At each time 
step, we calculated the current stride percentage and used the torque 
profile’s polynomial coefficients to calculate the desired exoskeleton 
torque (13). Desired exoskeleton torque was converted to desired 
motor torque using the instantaneous transmission ratio (obtained 
using the transmission ratio curve and instantaneous ankle angle). 
Desired motor torque (Tm) was translated into desired current (i) 
using i = Tm/kt, where kt is the q-axis torque constant; for this motor, 
the torque constant was empirically determined to be 0.14 Nm/A 
(45). The commanded current was enforced on the device through a 
closed-loop current controller. We measured the exoskeleton torque 
by recording the delivered motor current and converting it back into 
torque using the inverse of the operations described above.

During the remaining states, which included early stance and 
swing phases, the desired exoskeleton torque was zero. In these 
states, the exoskeleton behaved “transparently” and exerted zero 
torque on the user while keeping the cable nearly taught so that 
the actuator was prepared to produce torque with minimal lag time. 
This was accomplished using position control to enforce the desired 
motor position. Further details about the implementation of the 
transparent controller can be found in Supplementary Materials 
and Methods.
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Touch screen interface
To enable participants to manually tune their exoskeleton assistance 
settings in real time, we used a touch screen tablet (Microsoft 
Surface Pro 4, Microsoft Corporation, Redmond, WA) mounted 
to the treadmill (Fig. 1B). The touch screen displayed a blank 
two-dimensional grid (fig. S2). When the participant touched the 
screen, a small red crosshair appeared to indicate the current setting; 
previous settings remained on the screen as black crosshairs.

Touching the screen changed the assistance settings the partici-
pant experienced, beginning at the following left heel contact. Behind 
the scenes, the Cartesian coordinates of the two-dimensional grid 
were mapped to the parameter coordinates (magnitude and timing 
of peak torque) (Fig. 1C). To prevent the participants from return-
ing to the same (x, y) location each trial, we created eight unique 
maps, in which the x and y axes corresponded to either peak torque 
magnitude or timing. Then, each axis was oriented either smallest 
to largest or largest to smallest, with respect to the origin. The map 
was hidden from the participants and randomized between trials. 
The presented map did not affect participants’ preference or explo-
ration strategy outcomes (fig. S11).

For peak torque magnitude, participants could explore from 
about 7.8 to 20.7 Nm. During pilot testing (34), we determined that 
7.8 Nm was the approximate inflection point at which participants 
could begin to feel the exoskeleton assistance. Therefore, by setting 
the lower limit to 7.8 Nm, we ensured that participants could feel the 
exoskeleton assisting them at all locations of the grid. Because 
the peak commanded exoskeleton torque was not always the same 
as the peak measured exoskeleton torque, participants did not always 
experience the exact same boundaries of the grid. Across all partic-
ipants and strides, the mean (SD) difference between the peak 
commanded torque and the peak measured torque was −0.005 (0.46) 
Nm; the mean absolute difference was 0.22 Nm. In this study, we 
report each participant’s preferred magnitude in measured peak 
torque to capture what participants experienced when they chose 
their preferred settings.

For peak torque timing, the range of settings available to the partic-
ipants was 48 to 60% gait cycle. The bounds for the timing parameter 
were selected from empirical testing and informed by the literature. 
For our exoskeleton and control system, timings earlier than 48% gait 
cycle were very uncomfortable for users and decreased their ability 
to walk normally. Yet, 48% gait cycle was low enough to capture the 
push-off timing that has resulted in reductions of metabolic cost 
below that of unassisted walking, as reported in previous studies 
(13, 38). For both parameters, the grid was linearly interpolated on 
both axes between the minimum and maximum values over 74 points, 
resulting in a resolution of 0.17 Nm for torque magnitude and 
0.16% gait cycle for torque timing.

Preference-identification protocol
Participants identified their preferred settings by self-tuning the 
magnitude and timing of the peak exoskeleton torque in real 
time using the touch screen interface. During a single preference-
identification trial, participants began with a random assignment of 
one of the eight maps described in the previous section, and a 
randomized initial condition between 10.3 and 19.4 Nm and 50 and 
57% gait cycle for magnitude and timing, respectively. Participants 
were read an initial script to educate them about the exoskeleton 
and communicate the goals of their task, which is provided in 
Supplementary Materials and Methods. Briefly, participants were 

instructed to explore the grid to find their preferred settings (Fig. 1D). 
When they found their preferred settings, they informed the experi-
menter, who stopped the trial. We verbally reminded participants to 
explore the space until they were confident in their preference but 
did not enforce any time limit on exploration.

Participants in the naive cohort performed three blocks of eight 
preference-identification trials, for a total of 24 trials. During each 
trial block, participants walked on a treadmill (Bertec, Columbus, 
OH) at 1.0 m/s (slow), 1.2 m/s (nominal), or 1.4 m/s (fast). The order 
of speeds presented was block-randomized within the participant 
pool, and two participants performed each of the six possible orders 
of speeds. Participants in the knowledgeable cohort performed 
one block of eight preference-identification trials at the nominal 
speed (1.2 m/s).

Before beginning the preference-identification trials, all partici-
pants performed a practice trial, during which they were allowed to 
explore the grid for as long as they wished to get used to the exoskeleton 
assistance. We encouraged participants to explore out to the edges 
of the grid to familiarize themselves with possible assistance settings 
they might experience during the experimental trials. On average, 
participants practiced walking with the exoskeletons for 4.1 (1.7) min 
[mean (SD) for 22 participants].

Data analysis
During each preference-identification trial, we recorded time series 
of all assistance settings and (x, y) coordinates participants experi-
enced (Fig. 1D). We simultaneously recorded data from the exo-
skeleton, including motor angle, velocity, voltage, current, ankle 
angle and velocity, and shank angular velocity (figs. S12 and S13). 
At the termination of each trial, we noted the final settings corre-
sponding to the participant’s preference. We assessed eight outcomes 
in this study, divided into three categories: preference outcomes, 
precision outcomes, and exploration strategy outcomes. The two pref-
erence outcomes were preferred peak torque magnitude (newton-
meters) and preferred peak torque timing (% gait cycle), which 
corresponded to the final settings the participant chose. The two 
precision outcomes were designed to assess participants’ repeatability 
in identifying their preferred settings across trials. They were the 
standard deviation of preferred peak torque magnitude (newton-
meters) and the standard deviation of preferred peak torque timing 
(% gait cycle). The four exploration strategy outcomes described 
how the participants performed the experiment and interacted with 
the touch screen. They included the number of settings an individual 
sampled before confirming their preference, the total exploration 
time before confirming their preference (seconds), the average 
number of strides taken per setting before changing to a new set-
ting, and the average time spent per setting (seconds).

Statistics
Using data collected from the naive cohort (performing eight trials 
at each of three speeds), we built eight LMEMs, one for each out-
come (50). Each base model included walking speed and trial block 
as fixed effects and a random intercept per participant. We deter-
mined the random effects structure for each model using a manual 
forward selection process based on the Akaike information criterion 
(AIC). We iteratively added random effects of participant-specific 
slopes for speed and trial block. If the model with the lowest AIC 
included more random effects than the base model, we compared 
that model with the model with the next-lowest AIC using a likelihood 
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ratio test. If the likelihood ratio test was not significant (P > 0.05), 
we chose the model with the fewer number of predictors. A detailed 
description of the optimized model structures (including the number 
of exemplars) can be found in Supplementary Materials and Methods. 
We investigated including an interaction effect for speed and trial 
block in the models, and none of the optimized models had a signif-
icant interaction term (table S3). Thus, for simplicity, we present the 
models without the interaction effect.

Because each of the eight LMEMs produced two fixed effects 
parameter estimates, or slopes, with an associated P value, there 
were 16 P values evaluated for significance. We divided the eight 
outcomes into three theoretically informative families (preference 
outcomes, four statistical tests; precision outcomes, four tests; ex-
ploration strategy outcomes, eight tests). Within each family, we 
performed Holm-Bonferroni P value adjustment for multiple com-
parisons (51). For all families, the significance level was 0.05.

To compare preference and precision outcomes between the 
knowledgeable and naive cohorts, we used two-tailed t tests. The 
t tests were conducted using the eight preference-identification 
trials performed at 1.2 m/s for both cohorts. As before, we performed 
Holm-Bonferroni P value adjustment within families (preference 
outcomes, two statistical tests; precision outcomes, two tests). For 
both families, the significance level was 0.05. All statistical analyses 
were performed using Matlab (MathWorks, Natick, MA).

SUPPLEMENTARY MATERIALS
www.science.org/doi/10.1126/scirobotics.abj3487
Materials and Methods
Supplementary Text
Figs. S1 to S13
Tables S1 to S3
Dataset S1
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