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

How adaptation, training, and customization contribute 
to benefits from exoskeleton assistance
Katherine L. Poggensee* and Steven H. Collins

Exoskeletons can enhance human mobility, but we still know little about why they are effective. For example, we 
do not know the relative importance of training, how much is required, or what type is most effective; how people 
adapt with the device; or the relative benefits of customizing assistance. We conducted experiments in which 
naïve users learned to walk with ankle exoskeletons under one of three training regimens characterized by differ-
ent levels of variation in device behavior. Assistance was also customized for one group. After moderate-variation 
training, the benefits of customized assistance were large; metabolic rate was reduced by 39% compared with 
walking with the exoskeleton turned off. Training contributed about half of this benefit and customization about 
one-quarter; a generic controller reduced energy cost by 10% before training and 31% afterward. Training re-
quired much more exposure than typical of exoskeleton studies, about 109 minutes of assisted walking. Type of 
training also had a strong effect; the low-variation group required twice as long as the moderate-variation group 
to become expert, and the high-variation group never acquired this level of expertise. Curiously, all users adapted 
in a way that resulted in less mechanical power from the exoskeleton as they gained expertise. Customizing assist
ance required less time than training for all parameters except peak torque magnitude, which grew slowly over 
the study, suggesting a longer time scale adaptation in the person. These results underscore the importance of 
training to the benefits of exoskeleton assistance and suggest the topic deserves more attention.

INTRODUCTION
Exoskeletons can make walking easier. For people with movement 
disorders, exoskeletons can assist gait to overcome impairments. 
Exoskeletons can help people with cerebral palsy decrease crouch 
gait (1) and energy cost (2). People with stroke have demonstrated 
improvements in energy economy (3) and other functional mea­
sures (4) with the aid of exoskeletons. Exoskeletons can also make 
difficult tasks easier, such as carrying heavy loads (5), walking up 
inclines (6), and running (7, 8). Exoskeletons could also overcome 
some of the effects of aging, for example, by decreasing the energy 
cost of walking in an elderly population (9).

Despite these advances in exoskeleton designs, there are still gaps 
in understanding how humans benefit from exoskeleton assistance. 
Because there is a human in parallel with the exoskeleton, device 
performance is necessarily tied to human performance. To under­
stand how humans can master exoskeleton performance, we need 
to determine not only what optimal human performance looks like 
but also how to guide people to that optimal gait (10).

Although aspects of the biomechanical response to exoskeleton 
use have been characterized in several contexts (11–14), little is known 
about how people adapt to the device. People can modulate their 
muscle activity to control an exoskeleton with a fixed (15) or adapt­
ive controller (16), eventually plateauing at a reduced level of activity. 
Although metabolic cost can also stabilize after exposure to a con­
stant exoskeleton controller (15, 17, 18), motor learning research sug­
gests that variable training may result in better outcomes (19, 20, 21). 
Estimates of the amount of time required to reach a steady-state 
minimum energy cost ranges widely in the literature, from 18 (17) 
to 90 min (15), but there are indications among these studies that 
longer exposure may have resulted in greater benefits (22).

In addition to the improvements possible with variation train­
ing, there is evidence to suggest that user-specific controllers may 
result in better exoskeleton assistance. Human gait is so personal­
ized that it can be used as a biometric measurement (23). Customi­
zation in exoskeleton control can exploit these variations (24) and 
has been shown to result in large reductions in metabolic cost with 
exoskeletons (25, 26). Despite its success, there have been no studies 
to determine the relative importance of a personalized controller.

We designed an experiment to understand how the type and du­
ration of training affects performance for both fixed and personal­
ized exoskeleton controllers. Participants were trained in bilateral 
ankle exoskeleton walking for nearly 10 hours, distributed across one 
pretest day and 5 days of training. We demonstrated that human-
in-the-loop optimization can simultaneously train exoskeleton users 
and discover customized assistance profiles. Motor adaptation ac­
counted for half of the reduction in energy cost, highlighting the 
importance of fully training participants before evaluating perform­
ance of an assistive device.

RESULTS
Participants with no prior assistive device experience were exposed 
to exoskeleton assistance to determine how different types of train­
ing and customization affect performance (Fig.  1). A pretest was 
conducted on the first day to determine how people initially re­
sponded to the exoskeleton in a fixed, generic assistance pattern. 
The generic profile was the average optimized profile from a 2-day 
pilot experiment with 10 participants (Supplementary Materials). 
Performance with assistance was compared with baseline trials with 
an unpowered, zero-torque mode and with normal running shoes. 
Each subsequent day began with a 72-min adaptation trial, deter­
mined by training group. Adaptation was followed by a series of 
validation tests, which included the conditions tested in the pretest 
and customized profiles for some participants.
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The 15 participants were randomly sorted into three training 
groups, two of which experienced human-in-the-loop optimization. 
During optimization, a series of assistance profiles was randomly 
sampled on the basis of the estimated optimal profile. Participants 
experienced each of these profiles for 2 min, and their energy cost 
was estimated for each. The algorithm then ranked the assistance 
profiles by energy cost to determine a new estimate for the optimal 
assistance profile.

The continued optimization group underwent human-in-the-
loop optimization throughout the adaptation period. The optimiza­
tion was seeded with a comfortable assistance profile and a large 
distribution from which to sample control laws; these settings have 
been shown to result in beneficial assistance (25). On subsequent 
days, the optimization began with the estimated optimal profile and 
associated distribution from the previous day. The algorithm sam­
pled from a narrower distribution as the confidence in the optimal 
estimate increased, so this training program began with variation 
training before converging on profiles near the optimum. On each 
day of testing, the estimated optimal profile from the end of that day 
was included in the validation tests; the customized profile on day n 

was then the result of 72n min of optimization. The generic profile 
was periodically tested throughout the adaptation trial to track 
adaptation.

The static training group only experienced generic assistance for 
the duration of the adaptation period. This training regimen was 
intended to isolate the effects of training time on user expertise. 
Training protocols with fixed exoskeleton behavior are the most 
common in prior studies (15, 17, 18).

The reoptimization training group underwent human-in-the-
loop optimization as described above, but with the same initial seed 
used on each day. Because there was less time for the optimizer to 
converge, this training program had higher variability than either 
the continued optimization or the static training group. The cus­
tomized profiles were determined only by the 72-min trial on that 
day rather than a cumulative estimate. Generic assistance was also 
periodically applied to track motor adaptation.

Training resulted in a substantial improvement in metabolic 
energy consumption
With only 12 min of lifetime exposure to exoskeleton assistance by 
the end of the pretest day, most participants exhibited reduced met­
abolic cost with generic assistance, with an average improvement of 
10.0 ± 11.0% (mean ± SD) relative to zero torque (paired t test, 
P = 0.009; Fig. 2A). After at least 4 hours of training, participants 
received a larger benefit from generic assistance (Fig. 2B). Once ful­
ly adapted, the continued optimization group experienced an ener­
gy cost reduction of 30.6 ± 8.1% relative to the zero torque condition 
(paired t test, P = 0.005), and the static training group reduced their 
energy cost by 28.2 ± 4.0% (paired t test, P = 2.74 × 10−5). The reop­
timization group did not improve their energy economy to the same 
degree as the other two groups but still experienced a larger im­
provement than the average pretest response: by 17.5 ± 9.2% com­
pared with the zero-torque condition (paired t test, P = 0.09).

We calculated the change in metabolic cost relative to the energy 
cost of walking with zero torque to isolate the benefits of assistance 
from the device-specific costs of added leg mass or volume and the 
day-to-day fluctuations of metabolic cost seen in normal walking 
(27). The experiment was performed on a versatile emulator system 
(28), designed to be powerful and modular with off-board motors 
and generic end-effectors. An untethered version could be more 
streamlined, given a specialized function, or bulkier, because actua­
tion would need to be on-board. Adaptation to zero torque was fast 
(27 min, Supplementary Materials) but with some interparticipant 
variability. This adaptation is likely attributable to the added mass 
and kinematic constraints of the device. The final, adapted results 
were not affected but may have resulted in a higher baseline value 
during the pretest, meaning that the training effect we identified is 
a lower bound. Heavier devices may impede adaptation due to the 
effects on proprioception, but we hypothesize that adaptation to as­
sistance would still occur over a slower time scale.

Participants reduced their metabolic cost almost immediately 
upon donning a powered exoskeleton for the first time but tripled 
the benefit from assistance with more training. Although some par­
ticipants increased their energy cost on the first day of testing, the 
average response is comparable with other single-session studies 
(5, 29). Many participants initially disliked assistance but improved 
their opinions by the end of the experiment. We did not directly 
measure subjective preferences, which may give more insight into 
any correlations between metabolic cost and preference (30). Before 
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Fig. 1. Experimental setup and protocol. (A) Photograph of the experimental 
setup. Participants wore tethered bilateral ankle exoskeletons and walked on an 
instrumented treadmill. (B) Schematic of the experimental setup. Metabolic ener-
gy consumption, muscle activity, ground reaction forces, and body kinematics 
were recorded throughout the experiment. The devices were controlled by off-
board motors. (C) Schematic of the experimental protocol. Each row represents the 
protocol for a typical participant in each of the three training groups. Participants 
began with a pretest of six 6-min validation trials: two trials wearing running shoes 
and no exoskeleton, two trials with the exoskeleton unpowered in a zero-torque 
condition, and two trials with a generic assistance profile. On each of the five train-
ing days, participants began with an adaptation trial, which differed by training 
group. All training groups then experienced validation trials, including the six trials 
from the pretest day; the continued optimization and reoptimization training 
groups also experienced customized assistance for two validation trials. The vali-
dation tests were randomized and presented in a double-reversal ABCDDCBA or-
der to mitigate the effects of noise in the metabolics measurements and trial order.
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testing, we did not familiarize participants with assistance to fully 
track their motor adaptation. Many exoskeleton studies report ha­
bituating participants before measuring their responses (29). Train­
ing may have varying effects on energy economy, depending on the 
mode of assistance or the complexity of the task, but these results 
support the general need for sufficient training to see larger reduc­
tions in metabolic cost.

Metabolic cost exponentially decreased with training
The generic assistance profile was experienced at least 32 times 
throughout the experiment in 2- and 6-min trials. The performance 
on each trial was used to track adaptation as a function of the time 
a participant was exposed to exoskeleton assistance. At the study 
level, metabolic cost decreased over time, following an exponential 
decay of the form

	​   =  a + ​a​ 0​​ ​e​​ −t​​	 (1)

where  is the metabolic energy cost, t is exposure time in minutes, 
a is the steady-state metabolic cost, a + a0 is the initial energy cost, 
and  is a time constant (Fig. 3A). This exponential model fits the 
data better than a constant model [analysis of variance (ANOVA), 
P < 2.2 × 10−16].

We considered several factors before converging on an exponen­
tial model of metabolic cost. There are many accepted methods and 
forms for modeling motor adaptation (19, 31–35). The aspects of 
exoskeleton walking that guided our choice of model are outlined 
here; an extensive comparison of models can be found in the Sup­
plementary Materials. The chosen exponential function, shown in 
Eq. 1, is often used to describe motor learning in  locomotion re­
search (15, 17, 35, 36). To isolate the effects of motor adaptation, we 
modeled only the responses to a fixed exoskeleton assistance pat­
tern, in this case the generic profile.

We used metabolic cost as a proxy for the learned control pat­
tern. Metabolic cost is an important outcome in exoskeleton re­
search (10) and other locomotion-based motor learning research 
(37, 38). Kinematic measures are often used in learning research 
(39, 40) but are thought to stabilize earlier than metabolic cost (41). 
We would then expect models using metabolic cost to be the most 
conservative for determining the time to expertise.

Metabolic measurements were modeled with respect to assisted 
walking exposure time and were averaged within a single 2- or 
6-min trial. Developmental research suggests that time spent walk­
ing is a better indicator of children’s ability to walk than days since 
onset of walking (42). Exoskeleton learning literature has reported 
adaptation as a function of single-breath data (17) and averaged 
metabolic cost (18). The dynamics of metabolic cost at the begin­
ning of a walking trial (43) confound exponential models by artifi­
cially exaggerating the warm-up period described in other motor 
learning paradigms (44, 45). Although data averaging can skew re­
sults if there is training that occurs during the period of time over 
which the data are averaged (40), the trials were short enough in this 
case to not encode substantial adaptation, and the averaged values 
carry greater meaning. This analysis was insensitive to factors such 
as the number of rest days and data averaging over individual trials, 
which are explored in the Supplementary Materials. Overall, the 
modeling methods presented here characterized the learning process 
well and can be used to track adaptation to similar assistive devices.

Full adaptation can be a slow process
We defined time to reach expertise as the time before the model fit 
of metabolic rate was within 5% of its asymptote. At the study level, 
participants needed 109 min of practice [interquartile range (IQR), 
91 to 131 min] to become expert exoskeleton users. This is substan­
tially longer than the length of most exoskeleton studies, including 
those for which adaptation time is the main result (15, 17, 18).
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Fig. 2. Metabolic cost with assistance during the pretest and after adaptation. (A) Metabolic cost (W·kg−1) during the normal shoes, zero torque, and generic assist
ance conditions for all participants during the pretest. Initially, participants showed a small, but statistically significant, reduction in metabolic cost in the generic assistance 
condition compared with the zero torque condition. (B) Adapted metabolic cost of the generic and optimized assistance conditions, normalized to the zero torque condition 
on that day, for the three training groups. All conditions at the end of the experiment were significantly different than zero torque. Optimized assistance for the reoptimi-
zation group (†) is the response to the torque profile produced by the optimization algorithm at the end of that day; it is not assumed to be optimally assistive. Comparisons 
within training groups were made using paired t tests. Comparisons across training groups were made using unpaired t tests. Error bars denote SD. Statistical significance 
between conditions is denoted with an asterisk for P < 0.05; asterisks above a single bar denote significance with respect to zero torque.
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This experiment was long enough to see steady-state behavior over 
an extended period of time, increasing our confidence in the final 
measurements compared with a shorter protocol (37, 46). If there is 
an insufficient amount of data at steady state, an exponential model 
will tend to underestimate the asymptote and consequently under­
estimate the time for the predicted model to reach that asymptote 
(44), as has been observed in other walking paradigms such as split-
belt treadmill training (37). Premature analysis of motor learning in 
exoskeleton walking may then explain the shorter adaptation times 
seen in the literature (17, 18). Many existing exoskeleton studies 
incorporate some level of habituation before the start of the experi­
ment without indication that participants are fully trained (8, 29). 
Ensuring participants are fully trained should be an important factor 
in designing assistive device experiments in the future.

Adaptation time, like any other motor learning outcome, is highly 
context-dependent (47), so we would expect that the exposure time 
necessary to gain expertise in using an assistive device may vary 
widely. We may predict that unilateral devices (15), devices that as­
sist dorsiflexion, or devices that act at proximal joints (48, 49) are 
easier to master than the bilateral ankle plantarflexor exoskeletons 
used here. Conversely, increasing the number of joints may increase 
the complexity of the motor learning problem (50) because people 
often freeze joints (51) or decompose movements by joint (52) as 
they learn complex, multijoint movements, resulting in longer ad­
aptation times. Energy consumption changes when devices are tak­
en out of the lab (53), so we would expect that there may be some 
additional adaptation for participants to use these devices in the real 
world. Exoskeleton emulators were used for this study, and hard­
ware differences, such as the added mass of the actuation and power, 
would affect learning. We would expect adaptation time to change 
as a function of assistance magnitude. For example, the generic as­
sistance used in this study is similar in magnitude to other devices 
used for augmentation (5, 12, 15, 16, 22), but higher levels of assist­
ance may be necessary to see benefits in strenuous tasks such as 
running (8). Although devices used to assist populations impaired 
by neurological disease might benefit from lower levels of assistive 
torque, motor learning is often impaired in these populations (54, 55), 

so these populations would either need more time to learn or more 
targeted training. Training methods such as biofeedback (52, 56) could 
speed motor learning, but care should be taken to implement feedback 
that does not inhibit learning in the target population (57). Although 
similar principles may hold for devices used for rehabilitation, this 
study was focused on assistive devices, so we did not measure the 
aftereffects of assistance and how adaptations to assisted gait trans­
ferred to unassisted gait. Extensively documenting adaptation times for 
every type of assistive device may be infeasible, so researchers should 
consider the implications of training when designing their protocols, 
either by building training into the experiment or by characterizing 
adaptation to better predict the steady-state response to assistance.

The burden of training participants may change how exoskeleton 
research is done in the future. Recruiting participants is a difficult task, 
and longer-duration studies are at increased risk of participant dropout 
(58). Having a pool of trained exoskeleton users rather than sampling 
from novices may facilitate research on exoskeleton design and con­
trol. Studies with smaller sample sizes would allow for more time 
and resources to be spent on training, enabling researchers to answer 
more difficult questions on how assistive devices affect human move­
ment (59). Although these issues are of less concern for people using 
assistive devices in daily life, where high exposure times are natural 
and assistance profiles may be easier to use than those developed for 
the lab, these results highlight the importance of longitudinal testing 
in the development of future commercial devices. The increased 
adaptation time observed in this study, although not an absolute 
prescription for all future devices, should serve to shed light on the 
importance of training as both a step in future experimental protocols 
and as an area of study ripe for future research.

Appropriate variation training speeds adaptation
The three training groups experienced different levels of variation 
in assistance profiles and learned how to use the generic assistance 
over different time scales (Fig. 4A). The static training group had 
zero variation and reached expertise in 218 min (IQR, 143 to 358 min). 
Although the static training group had less exposure time to 
assisted walking compared with the optimization groups (432 min 
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compared with 540 min), the time to reach expertise was within the 
exposure time experienced during this experiment. The continued 
optimization group had large variation at the beginning of training, 
with the total variance in control parameter values being 71 during 
the first 2 days, before tapering to minimal variation by the end of 
training, with a total variance of 33 over the last 2 days. This ap­
peared to speed training with participants adapting in 131 min (IQR, 
107 to 160 min). The reoptimization training group was exposed to 
a large variety of assistance profiles throughout the experiment with 
the total variance of control parameters being 93 across the entire 
training period. The model predicts that their metabolic cost stabi­
lized after 81 min (IQR, 51 to 125 min). However, the fact that this 
group did not achieve the same level of energy cost reduction as the 
continued optimization or static training groups suggests that the 
reoptimization group did not attain the same level of expertise as 
the other training groups.

The continued optimization training protocol appeared to be 
the most effective. There was a significant improvement in energy 
consumption after adaptation, compared with the pretest (paired 
t test, P = 0.005). These participants also adapted more quickly than 
the participants in the static training group (Fig. 4A, Wilcoxon rank 
sum test, P < 2.2 × 10−16) and settled on a larger reduction in energy 
cost than the reoptimization training group (unpaired t-test, P  = 
0.04; Fig. 2B). These results suggest that large variation followed by 
more targeted practice near the optimized solutions, as provided by 
the continued optimization protocol, may be an effective training 
approach for exoskeleton studies.

Despite the slower adaptation, simply exposing people to a ge­
nerically good assistance profile for a long period of time may be as 
effective in the long term as the training experienced by the contin­
ued optimization group and more effective than the highly variable 
training protocol. The static training and continued optimization 
groups stabilized to similar reductions in metabolic cost (unpaired 
t test, P = 0.62; Fig. 2B), and the predicted steady-state energy cost 

of walking with generic assistance was similar between these two 
groups, at 2.27 W·kg−1 for the continued optimization group and 
2.25 W·kg−1 for the static training group. Coincidentally, there were 
participants in the static training group who exhibited large reduc­
tions in energy cost in the pretest before any group-specific train­
ing, which may explain why the static training protocol did not result 
in a significant improvement compared with the pretest (paired t test, 
P = 0.25). Adapted energy savings were consistent with the reductions 
seen for the continued optimization group, so static training should 
still be considered an effective training protocol.

Conversely, the reoptimization training protocol was ineffective 
compared with the other training protocols. The mean energy cost 
reduction was increased, but results varied widely across participants, 
and the improvement from the pretest was not statistically significant 
(paired t test, P = 0.73). By the end of the experiment, some partici­
pants, who had showed improvements in the early stages of the exper­
iment, returned to the same performance levels as the pretest (Fig. 3D). 
These results suggest that participants either were untrained by the 
end of the experiment or quickly learned a different motor task that 
appeared to be ineffective by our metrics, demonstrating the trade-off 
between expertise in a single assistance profile and a coordination 
pattern that is robust to a wide variety of assistance patterns.

External variability can improve motor learning (19–21, 47, 60, 61). 
The variability in movements induced by the exoskeleton assistance 
may have prompted increased exploration in participants (47, 61), 
resulting in faster adaptation in the continued optimization group 
compared with the static training group. The nature of the human-
in-the-loop optimization algorithm directed the assistance profiles 
to converge on those which decrease effort. Moderate rewards can 
increase participants’ willingness to explore different coordination 
patterns, thereby speeding learning of an optimal movement pattern 
(47). Any adaptation by the static training group was likely not spon­
taneous (62) and may have been spurred by internal step-to-step vari­
ability generated by either the user or the low-level torque control 
(63). The similar final performance between the continued optimiza­
tion and static training groups are consistent with these ideas. Vari­
ability of practice is thought to improve generalizability and long-term 
retention but we did not compare these outcomes between groups.

Variability can also interfere with learning, as seen in the reopti­
mization training group. For stable motions, variability can promote 
exploration along nonoptimal coordination strategies (61). The as­
sistance profiles experienced by the reoptimization group during 
training likely provided less reward than the assistance profiles ex­
perienced by the continued optimization group. Participants may 
have taken a risk-averse approach and chosen not to explore new 
movement patterns (47), resulting in a single motor control that is 
effective across all exoskeleton behaviors they experience. Although 
this may be generally acceptable, if the pool of exoskeleton assist­
ance profiles contains detrimental patterns, then the universal 
motor controller may perform poorly for beneficial exoskeleton 
behaviors. The level of assistance likely also amplified the unfavorable 
torque profiles, exacerbating the need for a risk-averse gait. More 
research should be done to determine when assistance profiles cease 
to assist and how to appropriately bound variation training.

Ankle kinematics adapted to exponentially decrease 
mechanical work derived from the exoskeleton
The generic assistance profile was defined as a fixed time-based 
torque pattern. Participants were able to modulate their kinematics 
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Fig. 4. Training time for each training group. (A) Training time (defined as the 
time to reach within 5% of the asymptote) determined by the model of metabolic 
cost adaptation with generic assistance. (B) Training time determined by the model 
of mechanical power of generic assistance. (C) Training time determined by the model 
of metabolic cost adaptation with optimized assistance. Training time distributions 
were computed from the bootstrapped models used to compute the confidence 
bands. Metabolic and mechanical training times are shown for all participants and 
separated by training group: continued optimization (CO), static training (ST), and 
reoptimization (RE); optimized metabolic training is only shown for the continued 
optimization group. The central red lines denote the median, with the top and bottom 
edges of the box denoting the 75th and 25th percentiles, respectively; the whiskers 
extend to the most extreme datapoints not considered outliers. The predicted training 
time for the models given in the main text are denoted by a black ×. Significance 
between groups is designated with an asterisk (Wilcoxon rank sum test, P < 0.05).
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to determine the amount of mechanical power they received from 
the device, and mechanical power of the fixed assistance pattern 
decreased in an exponential pattern with training (Fig. 5A).

Decreasing plantarflexor muscle activity is a well-documented 
response to ankle assistance (64). There is some evidence that people 
decrease ankle plantarflexion and exoskeleton mechanical power as 
well but only for exoskeletons controlled by muscle activity (15). 
We expect the decrease in ankle plantarflexion to be the result of 
decreasing plantarflexor activity, although we did not analyze mus­
cle activity in this paper. The exponential decay suggests that there 
is a neural component to this kinematic adaptation rather than a 
purely mechanical explanation which would have been immediately 
evident (65).

A prevalent theory in exoskeleton research is that designers 
should create devices that inject large amounts of mechanical power 
to see larger reductions in metabolic cost (5). Previous exoskeleton 
research has shown that profiles that supply more mechanical work 
result in larger reductions in energy cost with some evidence of a 
fixed conversion between external mechanical power and metabolic 
energy savings (12, 13). The adaptation leading to decreased me­
chanical power and metabolic cost seen in our participants is in­
consistent with these models and indicates that there are more 
complex human dynamics that should be considered when design­
ing exoskeletons.

In other motor learning paradigms such as reaching tasks, kine­
matics stabilize before metabolic cost (41). Mechanical power in 
our study stabilized in 175 min, decreasing at a slower rate than 
metabolic cost (Fig. 4, Wilcoxon rank sum test, P < 2.2 × 10−16). Ad­
aptation may follow different dynamics under different contexts. 
For example, reducing muscle activity may be a higher priority than 
stabilizing kinematics for long experiments, and the exact durations 
may vary depending on the type and level of assistance. Metabolic 
cost alone does not explain choices in gait (66), and the factors govern­
ing how people explore and adapt are likely similarly nuanced. 
Identifying other dimensions along which people explore and adapt 
in response to assistive devices may lead to improved training pro­
tocols based on biofeedback and targeted instructions.

Optimizing assistance resulted in larger energetic benefits
The continued optimization group experienced even larger improve­
ments in energy economy when walking with optimized assistance 
parameters 39.6 ± 8.2% compared with the 30.6% reduction with 
generic assistance (paired t test, P = 0.03; Fig. 2B). The improved 
energy economy with optimized assistance corroborates the hypoth­
esis that customization, along with a good generic baseline condition 
and proper training, plays a role in reducing metabolic cost (25).

The exact ratio of these factors will necessarily depend on the popu­
lation and the device. The participants in this study were young, healthy 
adults with no previous exoskeleton experience nor a history of move­
ment disorders. As exoskeletons become more available, there may 
be motor learning transfer between different styles of exoskeleton, 
so training may contribute less to the overall benefit. Diseases such as 
stroke or surgeries like amputation uniquely affect a person’s mobility, 
and thus, customization of assistive devices could be a more important 
factor. Among the young, healthy population tested in this study, there 
was a range of energy cost reductions from 25 to 59%. Although this 
large range was unexplained by characteristics such as basic demo­
graphic information (Supplementary Materials), there may be other 
similarities among participants who respond well to assistance (67).

Although the difference between generic and customized assist­
ance was statistically significant for our study, the real-world signif­
icance will depend on context. For homogeneous populations, the 
extra 10% energy savings may not outweigh the added time and 
effort needed to optimize assistance. The added complexity in cus­
tomizing parameters may lead commercial producers to use a generic 
approach. In heterogeneous populations, some amount of customi­
zation may be needed to obtain any benefits.

This human-in-the-loop optimization algorithm yielded large 
energy benefits, but the difference in energy cost may be attribut­
able to other factors. The optimization was seeded with a different 
controller than the generic profile, and the resulting mean of the 
optimized parameters differed from the generic control parameters. 
We also did not systematically sample the space to determine the 
sensitivity to changes in parameter values. Future work to deter­
mine the importance of slight variations in parameters around a 
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generically beneficial controller may yield finer insights into the 
implications of customization of device parameters.

Optimization resulted in parameters that differed 
from the generic pattern, with some shared characteristics 
across participants
We used an evolutionary strategy (25) to optimize four parameters 
which determined a smooth, single-peak torque trajectory as a func­
tion of stride time. One parameter determined the peak torque mag­
nitude, , and three parameters determined the timing of the peak, 
tp, the rise time, tr, and the fall time, tf. After 20 generations, the 
optimized torque pattern, based on the average of the optimized 
parameters, was characterized by a peak of 0.68 ± 0.06 N·m·kg−1 at 
54.3 ± 0.7% stride, which was higher in magnitude and later in time 
than generic assistance (t test, P = 0.007 and P = 0.01, respectively; 
Fig. 6A). Other aspects of the optimized torque curves, such as the 
rise time of 27.8 ± 4.5% and fall time of 9.7 ± 0.9%, were similar to 
generic assistance (t test, P = 0.46 and P = 0.85, respectively; Fig. 6A).

The average optimized values for peak time and fall time indi­
cate a universally beneficial peak time and offset time for exoskele­
ton assistance. The peak time and offset time, defined as the sum of 
the peak time and fall time, were near the limits of the parameter 
space and did not vary considerably between participants, with ranges 
of less than 2% of stride for each node. These limits were chosen on 
the basis of comfort (25) but could be relaxed for different devices. 
These results, along with results seen during pilot testing and other 
studies (8, 25), indicate that an assistance profile with peak torque 
near the end of stance, quickly tapering to zero torque at toe-off, 
results in the largest energy benefits.

Rise time varied substantially across participants, which could 
be the result of individual variation or the result of a weak relation 
between rise time and metabolic cost such that rise time does not 
substantially affect metabolic cost over a large range. It is difficult to 
determine whether rise time is necessarily a user-specific parameter or 
whether it does not directly affect metabolic cost. To truly understand 
the importance of rise time as a parameter, another experiment to 

test energy expenditure in response to a range of rise times, with 
sufficient training, should be performed.

As participants learn to use the exoskeleton, they benefit more 
from larger magnitudes of torque assistance. The participants in the 
pilot test that determined the generic controller would not have fully 
adapted to exoskeleton assistance because the protocol only lasted 
2 days (Supplementary Materials). This seems to explain the lower 
magnitude relative to these optimized profiles. Participants in this 
study initially noted that the level of assistance in the generic profile 
seemed too high but were more comfortable by the end of the ex­
periment. This increased comfort could be due to neuromuscular 
changes, like increased strength at proximal joints, as well as changes 
in how people perceive assistance timing and magnitude, both of 
which may be important factors for walking with higher levels of 
assistance. The trajectory of the parameters during optimization in­
dicate that the optimal peak torque could be much larger in magni­
tude for fully trained users yet still within the capabilities of existing 
(12, 22, 25) and future exoskeletons, as new methods for actuation 
and energy storage improve torque density and specific energy. In­
creased training time or more targeted training may allow people to 
use the larger torques and transfer the mechanical assistance to other 
joints (48). This might happen naturally with commercial or pre­
scribed devices that are used regularly for long periods of time.

Human-in-the-loop optimization converged over multiple 
time scales
By the nature of our study, participants coadapted with the exoskel­
eton. Therefore, we need to consider both the device parameters 
and human response in determining the time course of adaptation 
for the full system. The same exponential model analysis as in Eq. 1 
was used to understand the evolution of both the parameters and 
the metabolic cost of the optimized conditions.

We observed three time scales for optimization: convergence 
time of the timing parameters, convergence time of the peak torque 
magnitude, and adaptation time of the user. Timing parameters 
quickly converged, with peak time converging to a value within 5% 
of the predicted asymptote by 2.0 generations (IQR, 1.9 to 2.2 gen­
erations; Fig. 7A). Rise time and fall time both converged within a 
generation, at 0.7 generations for rise time (IQR, 0.7 to 2.8 genera­
tions; Fig. 7B) and 0.7 generations for fall time (IQR, 0.6 to 3.4 gen­
erations; Fig. 7C). Peak torque magnitude does not appear to have 
converged within this experiment, with the model predicting con­
vergence after 106 generations (IQR, 28 to 108 generations; Fig. 7A), 
which is equivalent to 1908 min of optimization.

Considering only the metabolic cost of optimal assistance, which 
encodes all of these factors and the time for the person to adapt to 
the exoskeletons, participants in the continued optimization group 
adapted to customized assistance in 330 min (IQR, 184 to 557 min; 
Fig. 8). Although the single exponential model suggests a longer 
training time compared with generic assistance, this estimate cap­
tures the effects of several phenomena of varying time scales, some 
of which have not yet converged by the end of the experiment. 
Although multiple time scales for motor adaptation have been 
demonstrated for other contexts (34), we hypothesize that conver­
gence in metabolic cost for customized assistance in this case may 
reflect a decrease in variability in the tested parameters rather than 
true convergence of the human-exoskeleton system.

There is some evidence that the optimization algorithm could con­
verge quickly for certain parameterizations. The timing parameters 
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may have been easier to learn and thus faster to converge. The ini­
tial value for peak time was far from the final value, and starting 
with a better seed could speed optimization. The importance of this 
parameter may also explain why participants performed so well 
without the optimization fully converging in both our experiment 
and in other human-in-the-loop optimization studies (25). However, 
peak torque magnitude steadily increased throughout the experiment 

without converging. Because novices are often unable to accept high 
torques, simply seeding the optimization with a higher magnitude 
may not yield favorable results. Another experiment with fully 
trained participants could also be conducted to fully understand 
how quickly the magnitude of assistance can be optimized with 
human-in-the-loop optimization without the confounding effects 
of human motor adaptation.

Optimized assistance had higher mechanical power than 
generic assistance
The optimized torque trajectories provided significantly more me­
chanical power than the generic profile (repeated-measures ANOVA, 
P = 2.9 × 10−10; Fig. 6B). Although assistance profiles with higher 
device input resulted in lower-energy output, mechanical power ap­
peared to provide diminishing returns on metabolic cost reductions. 
The average reduction in metabolic cost for this group in response 
to generic assistance was 0.95 W·kg−1, and the reduction in meta­
bolic cost in response to the optimized assistance was 1.21 W·kg−1, 
compared with a doubling in mechanical power, with 0.11 and 
0.23 W·kg−1, for generic and optimized assistance, respectively.

We did not design this study to examine the complicated rela­
tionship between mechanical power and metabolic cost, but further 
research should be done to understand the complexities of energy 
transfer in the human-exoskeleton system. Although we measured 
the metabolic costs of candidate profiles with a wide variety of me­
chanical power, the optimization systematically adjusted parame­
ters so as to reduce energy cost over time, leading to a sample of 
control laws that were necessarily correlated with lower metabolic 
cost. A full characterization of the relationship between metabolic 
cost, mechanical power, training, and other exoskeleton and user 
characteristics would make an important contribution to exoskele­
ton research and should be the objective of future studies. To fully 
explore the relationship between mechanical power and metabolic 
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cost, exoskeleton parameters could be sampled over a large range of 
mechanical power and tested on expert exoskeleton walkers to de­
termine how differing levels of mechanical assistance affect energy 
economy rather than selecting for conditions that reduce metabolic 
cost. For example, our results indicate that timing of assistance is an 
important factor, so varying the timing of the injected work may 
better explain the relationship between device power and metabolic 
energy consumption. Future studies on this topic should ensure 
that participants are fully trained given the coupling of adaptation 
and mechanical power (Fig.  5). We previously conducted experi­
ments to characterize the relationship between device power and 
metabolic cost (12), but the participants were not fully trained and 
we now know that we can sample a larger space with expert exoskel­
eton users.

Scarcity of exoskeletons, trained exoskeleton participants, 
and open-access exoskeleton data limit research
These results point to a need for further research on the effects of 
training on exoskeleton performance. The improved energy econo­
my and altered biomechanics observed during adaptation suggest 
that results reported early in the learning process may not be repre­
sentative of the final outcomes. Researchers studying other locomo­
tor tasks, such as split-belt treadmill walking (37), have also renewed 
interest in reevaluating the length of time required to train an indi­
vidual. In the following section, we provide suggestions for ways to 
mitigate the issue of training, which could extend beyond the realm 
of assistive devices.

One method to ensure users are fully adapted is to lengthen ex­
perimental protocols. For this study, with time for setup and breaks 
between trials, the average participant needed roughly 29 hours of 
lab time for 9.2  ±  1.2 hours of walking. These participants were 
healthy and active, and all were able to complete the 72-min trials 
without breaks. Populations with decreased mobility, such as pa­
tient populations or elderly populations, would likely require in­
creased time in the lab to complete the same protocol. Studying the 
long-term effects of exoskeleton assistance is also an important next 
step and would require further increases in experimental duration.

Improving and speeding training is an important and relevant 
area for future research. Although we identified some features of 
training that resulted in better, faster metabolic cost reductions, we 
cannot deem one of them an “optimal” strategy nor can we claim a 
universal adaptation for all assistive devices. A combination of strat­
egies may be more effective, or an entirely different protocol based 
on step-to-step variations or a designed curriculum may yield even 
better results, dependent on the devices being used. We gave partic­
ipants minimal instruction, but we know that targeted instruction 
and biofeedback can result in better outcomes in other training par­
adigms (56, 68). Analysis of the provided data in the Supplementary 
Materials may lend insights into which aspects of locomotion could 
be used as targets for biofeedback, which is still an open question in 
the field of assistive device research. Participants were also not al­
lowed to consume media or otherwise cognitively distract themselves 
during this experiment, but increasing intellectual engagement or 
entertainment may make recruiting participants easier and may 
even result in faster adaptation. Identifying methods to speed train­
ing is imperative if assistive devices are to be studied in patient pop­
ulations. Time in the lab is limited because walking is difficult, 
making the protocol from this study impractical, but assisting these 
populations will have the greatest effect on global health.

Simulations of exoskeleton assistance could also facilitate exper­
iments by identifying beneficial strategies before testing a population. 
Ensuring accuracy in simulations of human-exoskeleton systems is 
difficult now due to the lack of data on the response to exoskeletons. 
Although we did not perform any biomechanics analyses in this 
study, we collected a complete biomechanics dataset (Supplementary 
Materials) so that future researchers can advance the field without the 
overhead of performing these lengthy experiments. For example, ac­
curate, individualized models could speed optimization by identify­
ing better seeds. This set is limited to a young, healthy population 
using bilateral ankle exoskeletons, and training populations with 
movement disorders or adapting to more complex devices may be an 
even slower process, so collecting and sharing these datasets would 
invite more research into each paradigm.

There are limitations to this study, primarily due to the supply of 
participants. A larger sample size would yield more confidence in 
the results, but a post hoc power analysis revealed that our study 
was sufficiently powered for the large changes in metabolic cost ob­
served in our study [e.g., comparing the pretest to the postadapted 
metabolic cost of generic assistance in the continued optimization 
group (N = 5) has a power of 0.87]. Although this study was sub­
stantially longer than most exoskeleton studies, extending the protocol 
may have answered more questions, such as how peak magnitude 
converges, but the difficulty in recruiting participants would be in­
creased. Because few laboratories conduct experiments testing human 
response to exoskeleton assistance, the future of exoskeleton research 
may rely on designing studies with fewer participants (59) or amassing 
and testing the same pool of expert exoskeleton users. The results from 
these future experiments could be generalizable with careful cultiva­
tion of a variety of participants or a better understanding of how indi­
vidual differences affect the response to assistive devices.

CONCLUSION
This experiment highlighted the importance of training and adap­
tation on exoskeleton performance and illustrated the benefits of 
device customization. Participants who received moderate levels of 
variation during training significantly reduced their metabolic rate 
with customized assistance, of which half was due to training and 
one quarter to customization. The time required to stabilize meta­
bolic cost was much longer than training periods in previous exo­
skeleton studies and depended on the type of training experienced. 
These results demonstrate that people can learn how to exploit the 
exoskeleton provided they have proper training and sufficient time 
to adapt. The human-exoskeleton system is complex, even without 
the confounding effects of time-varying motor adaptation. Giving 
participants more time to adapt to exoskeleton assistance should 
result in better and more reliable outcomes for assistive device studies. 
Some previous studies that seemed to identify flaws in exoskeleton 
design may actually have identified flaws in user training.

MATERIALS AND METHODS
Participants
Fifteen participants (five females, age  =  24.3  ±  3.2 years; body 
mass = 71.0 ± 11.4 kg; height = 1.72 ± 0.09 m) with no prior history 
of movement disorders completed this study. This study was ap­
proved by the Stanford Institutional Review Board, and written 
consent was provided by all participants before participation.

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 26, 2026



Poggensee and Collins, Sci. Robot. 6, eabf1078 (2021)     29 September 2021

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

10 of 13

No participant had worn an exoskeleton before the study. Partic­
ipants were randomly assigned to an adaptation group described 
below before the first data collection (Fig. 1C). Sixteen participants 
were recruited. One participant ceased communication with the re­
search staff and thus was dropped from the study. One participant 
ended the study after 5 days due to discomfort, and one participant 
ended after 5 days because they appeared to have converged. Both 
participants who completed 5 days of experiments were included in 
the analyses presented here. All other participants included in the 
study completed at least 6 days of experimentation.

Exoskeleton hardware and control
Experiments were conducted using a bilateral ankle exoskeleton emu­
lator (28). The exoskeleton end effector consisted of a lightweight 
(0.88 kg) instrumented frame attached to a commercially available 
running shoe (Fig. 1A). The device contacted the participant at the 
foot and at the shank just below the knee. The exoskeletons were actuat­
ed by powerful off-board motors via a flexible Bowden cable trans­
mission. The participants chose from men’s shoe sizes of 7, 9, 11, or 13 
and were given padding if the shoe was too large. The same model and 
size of shoes used in exoskeleton trials were used for normal walking trials.

During stance, a torque trajectory was prescribed by magnitude 
and time-based parameters (25) and was achieved with iterative 
learning low-level control (69). The trajectory was defined by peak 
time, the time at which the peak magnitude occurs as a percentage 
of the average stride time; rise time, the time for the trajectory to 
rise from 0 N·m·kg−1 to the peak magnitude as a percentage of the 
average stride time; fall time, the time to drop from the peak magni­
tude to 0 N·m·kg−1 as a percentage of stride time; and the peak mag­
nitude in N·m·kg−1. The trajectory was smoothed by a cubic spline 
between the nodes. The control was triggered by a pressure sensor 
activated at heel strike. Iterative learning control exploits the peri­
odicity of gait and has been used effectively with these devices 
(8, 25), with the root mean square error in torque tracking for this 
study as 2.5 N·m·kg−1, which is equivalent to 6.4% of the average 
peak torque in the generic assistance condition.

The swing phase, triggered by toe-off, was controlled as a func­
tion of ankle position. The ankle angle was tracked by a rotary encoder 
(Renishaw, Gloucestershire, UK) and used to determine toe-off. 
The motor was controlled to track the joint position with added 
slack to avoid interfering with the participant’s natural kinematics. 
The zero torque mode used this position-based control during both 
stance and swing phases.

Protocol
All participants completed a protocol shown in Fig. 1C. Participants 
first completed a quiet standing trial on each day to determine their 
resting metabolic rate. On the pretest day, participants completed a 
double-reversal validation test with the following trials: a normal 
walking trial with unaltered shoes to match the shoes in the exoskel­
eton, a zero torque trial with the exoskeleton worn but in a zero 
torque mode, and a generic assistance trial with a fixed generic 
torque profile. All walking trials were completed on a split-belt 
treadmill set at 1.25 m·s−1. The only verbal instructions were to 
“walk comfortably” and to “let the device do the work for you.”

On each subsequent day of the study, participants first completed 
a 72-min adaptation trial with a 2-min warm-up, based on random 
assignment, and then a series of validation trials. Participants were 
given the opportunity for a break at each quarter of the adaptation 

trial but were instructed that they could stop at any time. All groups 
completed the validation trials from the pretest with other validation 
trials added for specific training groups. Each validation trial was 
6 min in length. Participants were given a 5-min break between trials.

The generic assistance profile was determined through pilot test­
ing. The pilot experiment, described in greater detail in the Supple­
mentary Materials, was a 2-day protocol with 10 participants. 
Participants walked in bilateral ankle exoskeletons over 1 day of 
habituation and 1 day of human-in-the-loop optimization (25). The 
generic assistance profile for the experiment presented in this paper 
was defined by the average optimized parameters: peak time was 
52.9% of stride, rise time was 26.2% of stride, fall time was 9.8% of 
stride, and the peak torque magnitude was 0.54 N·m·kg−1.

Continued optimization training group
Five participants (two females, age = 23.4 ± 1.1 years; body mass = 
70.2 ± 6.4 kg; height = 1.70 ± 0.11 m) were assigned to the contin­
ued optimization training group. During the adaptation trial on 
each training day, participants experienced four generations of 
human-in-the-loop optimization. The initial seed on the first day 
was set with peak time at 45% of stride, rise time at 25% of stride, fall 
time at 10% of stride, and peak torque magnitude at 0.55 N·m·kg−1. 
The optimization on each subsequent day continued from the opti­
mized parameters from the previous day.

Each generation featured nine control laws, beginning with the 
generic assistance profile, followed by seven randomly sampled con­
trol laws, and ending with the mean of that generation. Each control 
law was experienced for 2 min, so each generation was 18 min in 
length. A sound signaled the beginning of a new control law, and 
the low-level torque tracking was reset to mitigate the effects of pre­
vious control laws. The generic assistance profile was tested at the 
beginning of each generation to track motor adaptation. To ensure 
comfort and mitigate the changes in control law, the seven random­
ly sampled control laws were sorted by peak torque magnitude.

At the end of each adaptation block, a new set of optimal param­
eters was generated and tested during the validation trials. The val­
idation trials contained the trials from the pretest, i.e., normal 
walking trials, zero torque trials, and trials in which the exoskeleton 
applied generic assistance. For this training group, participants also 
experienced the optimized profile from the end of that day’s adap­
tation block, as well as the optimized profile from the end of the first 
day of adaptation.

Static training group
Five participants (two females, age = 23.6 ± 3.5 years; body mass = 
167.6 ± 14.1 kg; height = 1.71 ± 0.08 m) completed the static train­
ing. Each control law during the adaptation block was the generic 
assistance profile but with a sound to signal every 2 min. Because 
participants were blinded to their group assignment, they were un­
aware that all control laws were identical. The validation trials were 
strictly the trials from the pretest, i.e., normal walking trials, zero 
torque trials, and trials in which the exoskeleton applied generic 
assistance.

Reoptimization training group
Five participants (one female, age = 25.8 ± 4.1 years; body mass = 
75.6 ± 13.0 kg; height = 1.76 ± 0.06 m) were assigned to the reopti­
mization training group. The adaptation trial was identical to the 
continued optimization training protocol, but the seed on each day 
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was set to the same initial seed, i.e., peak time at 45% of stride, rise 
time at 25% of stride, fall time at 10% of stride, and peak torque 
magnitude at 0.55 N·m·kg−1. The control laws were randomly sam­
pled so that participants experienced a new set of controllers from 
the same distribution on each day. The optimized parameters gen­
erated by the adaptation period were also tested in the validation 
trials. The validation trials were the same as for the continued opti­
mization group, i.e., normal walking trials, zero torque trials, and 
trials in which the exoskeleton applied generic assistance, the opti­
mized profile from the first day of optimization, as well as the opti­
mized profile from that day of optimization.

Data collection
Participants wore tethered bilateral ankle exoskeletons (Fig.  1A) 
(28). The exoskeleton assistance was governed by a torque pattern 
parameterized by four parameters: peak magnitude, peak time, rise 
time, and fall time (25). The control loop ran at 1000 Hz on a 
real-time computer (Speedgoat, Liebefeld, Switzerland).

Standard biomechanics data including metabolic energy con­
sumption were collected. Participants refrained from all food and 
drink except for water for at least 3 hours before they arrived for the 
experiment, which resulted in approximately 4 hours of fasting be­
fore the first trial. Volumetric oxygen consumption and carbon di­
oxide expulsion were measured throughout the experiment using 
an indirect calorimetry device (Cosmed Quark CPET, Rome, Italy) 
and streamed to the real-time exoskeleton controller. Metabolic en­
ergy consumption was computed using a standard equation (70). 
During optimization, the estimated metabolic cost of each control­
ler was the result of a first-order dynamical model fit to single-breath 
data (25, 71). This method has been shown to result in low estima­
tion errors, with an average of 4% error in a previous study (25). 
The optimization algorithm used these estimates to rank the control 
laws to minimize metabolic cost.

Net metabolic cost, computed offline after the experiment, was 
used in the analyses presented in this paper. A quiet standing trial 
was conducted at the beginning of the experiment after setup to 
guarantee participants were at a fasted, rested state. Quiet standing 
was subtracted from all measurements of metabolic cost to yield the 
net metabolic cost of walking. Validation trials were 6 min in length, 
of which the second half, i.e., the final 3 min, were used for all analyses. 
The trial length and averaged measurement are standard practice in 
biomechanics and provide the truest representation of metabolic 
cost for steady-state movement. The adaptation trials, which were 
2 min in length, are represented by an estimate of steady-state met­
abolic rate based on a first-order approximation (43, 71). These 
estimates are used to determine optimal parameters during the ex­
periment and have been shown to produce low (4%) error in pre­
dicting steady-state metabolic cost (25).

Motion capture, electromyography, and force data were time-
synced and recorded separately from the metabolic and device data. 
Motion capture data were recorded using 55 markers (Vicon, 
Oxford Metrics, Oxford, UK). Electromyography was recorded with 
Trigno wireless sensors on eight muscles on each leg (Delsys, Boston, 
MA, USA). Participants completed all walking experiments on an 
instrumented split-belt treadmill (Bertec, Columbus, OH, USA), 
which also provided ground reaction forces and moments. Ground 
reaction forces and moments were streamed to the computer run­
ning the real-time controller and recorded with the motion capture 
measurements. The biomechanical data were periodically recorded 

throughout adaptation and recorded for the entirety of the valida­
tion trials. These data were not included in this paper due to space 
constraints, but links to the data can be found in the Supplementary 
Materials.

Statistical analysis
All statistical analyses were performed after the experiment in R 
3.6.2 (72–75). To determine the effects of training and training type 
on the metabolic cost of assistance, a three-way ANOVA, followed 
by a stratified analysis on the postadaptation data, was performed 
(Fig. 2). For the three-way ANOVA, the factors were day (pretest 
and postadaptation), training group (continued optimization, static 
training, and reoptimization), and condition (normal shoes, zero 
torque, generic assistance, and optimized assistance). All three fac­
tors, i.e., day, group, and condition, were significant, indicating that 
training, training type, and assistance type resulted in different lev­
els of energy cost. To determine the effects of training group on 
condition, we did a subanalysis on the postadapted states followed 
by the Holm-Šidák step-down correction for multiple comparisons. 
The postadapted states were the validation trials from the final 2 days 
of the experiment, which occurred after the continued optimization 
group had reached expertise with optimized assistance. To isolate 
the effects of assistance and training on metabolic cost within train­
ing groups, paired t tests followed by the Holm-Šidák step-down 
correction were performed. For all analyses, the significance level 
was  = 0.05.

Analyses of the optimized control laws for the continued optimi­
zation group are presented in the Results section, and analyses for the 
reoptimization group can be found in the Supplementary Materials. 
A one-way repeated-measures ANOVA was computed to determine 
differences in net exoskeleton power between conditions (Fig. 6). 
The postadapted states were the validation trials from the final 2 days 
of the experiment, as described for the metabolic cost analyses. A 
t test was computed to determine differences in parameter values 
after 20 generations for the continued optimization group com­
pared with generic assistance.

Exponential models were used to characterize human motor ad­
aptation (Figs. 3, 5, and 8) and evolution of the optimal parameters 
(Fig. 7). Changes due to adaptation were characterized by a single 
exponential curve of the form  = a + a0e−t, where t represents time 
in minutes, a is the steady-state response, a0 is a scaling factor, and 
 is the time constant. The outcomes of interest, represented by , 
were metabolic cost (Figs. 3 and 8) for generic and optimized assist­
ance, respectively, and net exoskeleton power (Fig. 5) for generic 
assistance conditions during validation and during the adaptation 
trial. The same model was used for the evolution of the parameters 
(Fig. 7), where  was the value of the parameter normalized to its 
respective range and t was the number of generations. The model 
parameters {a, a0, } were estimated using a weighted nonlinear 
least squares algorithm (73). Validation trials were weighted three 
times more heavily than the adaptation trials for these models be­
cause validation trial estimates were computed over a duration triple 
the length of the adaptation trials. Model significance was deter­
mined by an ANOVA model comparison with the constant model 
 = a, which is standard practice for linear and nonlinear regres­
sions. For all model comparisons, the significance level was  = 0.05.

Bootstrapping was used to determine confidence intervals on the 
exponential models and to characterize the adaptation rates (74, 76). 
For a given model determined by nonlinear least squares, the residuals 
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were sampled and replaced; these residuals were added to the mod­
el estimates to determine a new dataset, which was then used to 
compute a new exponential model. This process was completed up 
to 10000 times, depending on how often the model converged. 
These models were then used to determine the point-wise 95% con­
fidence interval for the exponential model. This bootstrapping tech­
nique has been used in other biomechanical studies and has been 
shown to better capture the randomness in the underlying model 
(76, 77). The learning rates were computed as the time in minutes 
for the model to reach a value within 5% of the predicted asymptote. 
The learning rates presented in this paper were computed for the 
model determined by nonlinear least squares, and the correspond­
ing confidence intervals were determined by the bootstrapped rep­
licates (Fig. 4). Because the bootstrapped learning rates did not follow 
a normal distribution, according to the Shapiro-Wilk test (P < 2.2 × 
10−16), we performed the Kruskal-Wallis tests, followed by Dunn’s 
tests with  = 0.05 (75), to determine differences across train­
ing groups.
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