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Interaction-based rapid heuristic
optimization of exoskeleton assistance
during walking
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Jianyu Chen1,2,3, Weihao Yin1,2,4, Jianquan Ding1,2,4, Jiaqi Han1,2,4, Lihai Zhang5,6, Jianda Han1,2,4 &
Juanjuan Zhang 1,2,4

Using human responses to optimize and thus personalize assistance enhances exoskeleton
performance during locomotion. Current approaches lack efficiency, comfort, rapid deployability, and
computation and actuation simplicity. Here we present a method that optimizes assistance within
2 min, 16 times faster than the state-of-the-art, by effectively imitating human joint moment while
ensuring stability. Optimization of a unilateral ankle exoskeleton with off-board actuation produced
gentler assistance (78.2% torque) while reducing muscle activity by 36.8% and metabolic cost by
20.4% than no assistance, comparable to state-of-the-art. The method was easily and effectively
deployed across new gait conditions, to bilateral devices, to knee joints and also outdoors. It largely
avoided the problems of existing methods with instantaneously measurable feedback, a non-
aggressive tuning process, a reasonable tuning direction, and a non-parametric assistance
formulation. By significantly reducing pre-research, operational, user physiological and psychological
costs, this method largely elevates the accessibility level of effective, personalized and continuously
tuned exoskeletons in everyday scenarios.

Lower-limb exoskeletons are meant to enhance human locomotion for
various groups1–12. Not many have succeeded5,7,9,13–23, due to the high com-
plexity, time-varying property, and inter-personal differences of human
bodies5,18,24–29. Among them, state-of-the-art exoskeleton planningmethods
mainly fall into two categories: instantaneous neural-network-based
ones21,22,30, and adaptive personalization-based ones5,17. The latter, by
feeding human responses to optimize assistance using feasible
algorithms5,16,17,19,29,31,32, produces customized interactions and thus
improves human mobility. It also prompts human safety, comfort, and
computational simplicity. The strategy is effective since it closes a high-level
control (i.e., assistance planning) loop of the human-exoskeleton coupled
systems5,29, in which the human body is the end-effector and the powered
exoskeleton is the actuator as well as power transmitter (Fig. 1a).

Multiple works have demonstrated the effectiveness of this
strategy5,9,16,17,19,20,26,31,33–38. A physiological measure, such as metabolic con-
sumption, muscle activity and heart rate, usually served as the objective
function, i.e., the feedback signal5,9,16,17,34,39,40. A rather long objective eva-
luation for each assistance condition was necessary to reduce the high noise
of such signals bydata processing. For example,metabolic consumptionwas

often evaluated with data of a 2-min period to accommodate the long
stabilization time of respiratory readings5,9,16,26. Muscle activity through
electromyography,which is easily disturbed41,was usuallymeasured for tens
of seconds to 2min in evaluation34,39,42. Psychological measures like user
preference were noisier and more time-consuming as objectives19. A more
recent work17 managed to evaluate one condition within 30 s by indirectly
signaling metabolism using motion data. However, humans, especially the
gait-impaired ones, can only walk continuously and consistently for limited
lengths of time. Therefore, only optimization algorithms that can survive
high noise and small sample sizes will work. Covariancematrix adaptation-
evolutionary strategy (CMA-ES) has been the state-of-the-art
choice5,9,17,20,26,29,35 due to its tolerance to sensor noise, local optima, human
adaptation and large parameter dimensions29,43.

Existing closed-loop adaptive assistance optimization approaches
using CMA-ES, although effective, bear some major limitations, e.g., long
optimization protocols, compromised user comfort, long pre-research time
for new applications, and relatively high required computational power and
actuation capacity. Long condition evaluation leads to lengthy optimization
tests. Currently, a typical optimization process of 2–4 parameters for a
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1-degree-of-freedom exoskeleton takes tens of minutes5,9,16,17,20,26,35,38.
Algorithm-based random sample generation means many never-experi-
enced and unknown assistance conditions for users wearing the
exoskeleton43. This suppresses the influences of measurement noises and
local extrema on optimization performance. It forces a diverse exploration
of assistance profiles and thus an intensive training. Both contribute to the
success of CMA-ES in this application5, but only provided that parameter
search ranges are not overly constrained. Thiswide and randomexploration
incurs physical and psychological user discomfort, more required actuation
capacity and relatively high computational power. Besides challenges for
users, the strategy also poses ones for developers. CMA-ES tries to optimize
values for a set of variables. Meanwhile, the exoskeleton assistance to be
optimized is a one-stride-long continuous-time curve (e.g., torque). To
overcome this format mismatch, one has to properly define a general
assistance profile, parametrize it, and set initial values, ranges, as well as
update step sizes for the parameters. These require careful pre-research on
the characteristics of specific joints, gait conditions, user groups, and
assisting exoskeletons.

In exoskeleton assistance planning, it is intuitive to imitate human
biomechanics. Approaches that directly map instantaneous joint moment
estimates or muscle activities to assistance torque8,10,30,44 embody this
straightforward principle. The efficacy of such strategies depends on an
efficient and cooperative human–machine interaction. However, their
intrinsic positive-feedback-loop nature places the burden of achieving this
synergy entirely on the user’s neuromuscular system. A user failure at
reacting cooperatively and instantaneouslymay incur system instability and
human danger. A recent study45 introduced the Interaction Portrait metric
to evaluate such interaction properties, underscoring the need for strategies
that promote cooperative dynamics. For strategies based on human bio-
mechanics, a proper closed-loop adaptive structure can potentially provide
the necessary environment and constraints to foster a stable and effective
exoskeleton-assisting-human interface.

Wrestling limitations of current exoskeleton assistance planning
strategies, we have developed a rapid closed-loop optimization approach
that tried to mimic human natural mechanics while partially replacing

human efforts with exoskeleton assistance. It stride-wise tuned assistance
torque towards a hybrid direction of two references: (1) the real-time
combined joint torque produced by the human and exoskeleton (referred to
as “assisted joint torque”hereinafter), and (2) a pre-measuredbaseline of the
human joint torque recorded while the participant walked wearing the
exoskeletonwithout assistance (“unassisted joint torque” or “human torque
in zero-torque mode”). At any time, the desired assistance was set as the
weighted average of two items: its prior value at the same time of the last
stride period, which was made dominant to ensure a gentle tuning process;
and a tuning guide defined by aweighted sumof the assisted and unassisted
joint torques (Fig. 1b, Eq. (1) in “Methods”).

The approach closed a high-level control loop by facilitating real-time
continuous interactions between assistance and assisted joint torque. It
realized a gradient descent optimization process46 that minimized the
combination of human torque, exoskeleton inputs and assistance-incurred
biomechanical changes (Eq. (2), “Methods”). It ensured safe, stable and
cooperative human-exoskeleton interactions through the closed-loop
adaptive framework and appropriate constraints.

Instantaneous evaluation of the feedback signal, i.e., the assisted joint
torque, significantly shortened the optimization process. Small stride-wise
assistance changes and the rather natural tuning directions ensured user
comfort and reduced the actuation capacity required. Non-parametric
assistance formulation and direct association between assistance and
assisted joint torque saved pre-research time on human biomechanics to
construct and then parameterize assistance profiles when application sce-
narios changed. Besides, condition evaluation and assistance updation both
required only a fewbasic arithmetic operations. Computation and actuation
simplicity suggested easier outdoor applications.

Results
We tested the performance of the proposed method by optimizing the
assistance of a unilateral single-degree-of-freedom plantarflexion ankle
exoskeleton47 during human walking (Fig. 2a, b). Experiments were con-
ductedonaversatile emulator system47 inspiredbypreviousdesigns5,48,which
allowed effective assistance updation, precise realization49 and easy switching
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of exoskeleton end-effectors (Supplementary Fig. 1). This systemwas chosen
to facilitate easy comparison with a previous study5directly minimizing
human physiologicalmeasureswithCMA-ES,which represents state-of-the-
art assistance optimization performance. That study5 not only used an
emulator system that closelymirroredours,with the samemotormodel anda
similar end-effector design, but also reported both human metabolic and
muscular benefits like ours. It thus served as the primary reference for opti-
mization performance. Another key control study17 demonstrated compar-
able energy benefit with shorter optimization processes, which represents
state-of-the-art optimization efficiency and served as the benchmark for
convergence speed. Every participant went through an assistance optimization
process during walking and a double-reversal validation process. In updating
the desired assistance torque during optimization, we set the weights of prior
assistance torque (1− α, Eq. (1)) and the tuning guide (α, Eq. (1)) to be 0.975
and 0.025, respectively. In forming the guide, assisted and unassisted joint
torques were equally weighted in the range of [0.175, 0.25]. The optimization
processes lasted for 2min for all participants.

We optimized assistance of the unilateral ankle exoskeleton for 10
participants (P1–P10, Supplementary Table 1) while they walked on a
treadmill at a moderate speed (1.25m s−1) in the main study. In validation,
optimized assistance profiles were compared with zero-torque and normal-
shoe mode in which the participants walked wearing their normal shoes
without exoskeletons. Seven out of the ten participants also walked with a
generic assistance achieved by averaging the optimized assistance profiles of
all participants in literature5. The remaining three found it unbearable,
which suggested that the comparison between the optimized and generic
conditions using data of the seven participants favored the latter.

Improvements in human muscle economy
Human muscle economy was significantly improved for all participants in
validation (Fig. 3a, c; individual data are in Supplementary Fig. 5). Opti-
mized assistance reduced the activities of soleus muscle on the assisted side
by 36.8 ± 13.3% (mean ± standard deviation, ranging from 22.0 to 57.1%)
compared to zero-torque mode (Fig. 3a, n = 10, t test, Holm–Bonferroni
correction, adjusted P = 1.1E-4), by 36.6 ± 13.6% (ranging from 21.0 to
61.5%) compared to normal-shoe mode (Fig. 3a, n = 10, t test, adjusted
P = 1.1E-4), andby15.0± 7.0% (ranging from7.6 to 29.6%) compared to the
generic condition (Fig. 3c, n = 7, t test, adjusted P = 3.0E-3). In comparison,

with a state-of-the-art approach using CMA-ES to directly minimize soleus
activity for a similar exoskeleton, a 32-min optimization process17 led to a
decrease in soleus activity by 41%5 (Fig. 3e, n = 1).

Improvements in human metabolic economy
Validation of the main study also demonstrated significant improvements in
humanmetabolic economy through rapid optimization (Fig. 3b, d; individual
data in Supplementary Fig. 6). Optimized assistance reduced participants’ net
walking metabolic costs by 20.4 ± 11.4% (ranging from 7.8 to 39.1%) com-
pared to zero-torque mode (Fig. 3b, n= 10, t test, adjusted P= 3.0E-3), by
19.7 ± 10.3% (ranging from 5.9 to 38.1%) compared to the normal-shoe
mode (Fig. 3b, n= 10, t test, adjusted P= 3.0E-3), and by 13.7 ± 9.8% (ran-
ging from 2.9 to 30.5%) compared to the generic condition (Fig. 3d, n= 7,
t test, adjusted P= .8E-2). In comparison, with a state-of-the-art approach
using CMA-ES to directly minimize metabolic costs5, 32-min optimization
processes17 produced net metabolic cost reduction of 24.2% (Fig. 3f, n= 11).

Improvements in human joint mechanics
Human joint mechanics were modified by the optimized assistance in
validation for all participants (Fig. 4 and Supplementary Figs. 7–10). Com-
bined human-exoskeleton joint torque with optimized assistance shifted a
little from the unassisted torque along gait cycle (Fig. 4a), but rose obviously
on the ankle angle axis and produced increased mechanical work input to
human body (Fig. 4b). This aligned with the observation that the assisted
ankle power curve shifted earlier in mid-stance, causing a decrease in
negative power and an increase in positive power (Fig. 4c). With optimized
assistance, average stride-wise positive ankle work increased by 25.4 ± 15.7%
(n= 10, t test, adjusted P= 3.0E-3) compared to zero-torque mode, ranging
from−2.1 to 47.0%, and by 36.0 ± 25.6% (n= 10, t test, adjusted P = 3.0E-3)
compared to normal-shoe mode, ranging from 5.9 to 78.3% (Fig. 4d).

Customization of assistance torque profiles
The customization functionality of the method was demonstrated by
the individualized optimized assistance profiles (peaked at
0.602 ± 0.088Nmkg−1, n = 10, Fig. 3h, Supplementary Fig. 7), each close to
its guide at steady state (Fig. 4a), and lower than state-of-the-art5 (peaked at
0.770 ± 0.086Nmkg−1; n = 11, two-tailed unpaired t test, adjustedP = 8.3E-
4). Consequentially, work loops (Supplementary Fig. 8), joint power

a Exoskeleton Emulator

Assistance
Condition

Human
Measures

Sensors

Controller

Actuator

respiratory data

ground reac
tio

n
da

ta

motion capture data

exoskeleton
end-effector

electromyography

b Unilateral Ankle
    Exoskeleton

d Unilateral Knee
    Exoskeleton

e MobMobbbbbbbileileileeeilel UnUnUnUnUnUUnUnUnUUnUnnilailailatertertertereralaalalal
 AnAnnAnAnklekle EExEExExExxE osooskoosoo eleton

c Bilateral Ankle Exoskeleton

tether

data cable
shank strut
drive rope

load cell

encoder
heel rope

foot strut
heel switch

toe contact

thigh strut
drive rope
load cell

leaf spring

shank strut

shank strut

heel strap
foot strut
motion capture marker

mobile control 
and actuation
unit

Fig. 2 | Exoskeleton testbeds. a The in-laboratory testbed composed of a powered
exoskeleton, a high-speed controller, multiple sensors for humanmeasures. b Photo
of the unilateral ankle exoskeleton worn on the right foot used in main, generality
and convergence studies. cPhoto of the bilateral ankle exoskeletonworn on both feet

in generality tests. d Photo of the unilateral knee exoskeleton worn on the right leg in
generality tests. e Photo of the mobile unilateral ankle exoskeleton worn on the right
foot for outdoor generality tests.

https://doi.org/10.1038/s44172-025-00574-4 Article

Communications Engineering |            (2026) 5:19 3

www.nature.com/commseng


(Supplementary Fig. 9), corresponding improvements in human muscle
(Supplementary Fig. 5), metabolic (Supplementary Fig. 6) and mechanical
economies (Supplementary Fig. 10) all varied among participants.

Convergence of optimization and effects of the learning rate
We tested the convergence of themethod and effects of learning rate, i.e., the
weight of tuning guide in assistance updation (α in Eq. (1)), by optimizing
the assistance from multiple initial locations and with multiple learning
rates, separately, for one participant (P1), with the same emulator as the
main study. With different learning rates, optimization converged to a
similar area but with different rise time lengths (Fig. 5a). Regardless of its
starting position, the desired assistance converged to locations in close
vicinity to one another (Fig. 5b).

Generality under different gaits, devices and joints, and outdoor
environment
We tested the generality of the proposed approach in the lab under different
gait conditions, assisting devices and assisted joints, and outdoors, with a
series of single-subject (P1) studies. In all cases, optimization produced
proper assistance profiles (Fig. 6a–d) that improved human economy

(Fig. 6e–h).When assisted by the same unilateral ankle exoskeleton asmain
study47 (Fig. 2b), optimized assistance reduced soleus muscle activities and
metabolic costs of the participant (Fig. 6i, m) walking at a slow speed
(1.0m s−1; 47.6% and 33.6% respectively versus normal-shoe), walking at a
medium speed (1.25m s−1; 42.2% and 25.4%), walking at a fast speed
(1.5m s−1; 48.1 and 18.3%), walking while loaded (vest weighting 20% of
body mass; 1.25m s−1; 32.7% and 35.5%), walking uphill (10∘ incline;
1.25m s−1; 26.3% and 16.9%) and running (2.5m s−1; 47.8% and 19.7%).
When assisted by a bilateral plantarflexion ankle exoskeleton50 (Fig. 2c),
optimized assistance reduced soleus muscle activity and metabolic cost
walking at a medium speed (1.25m s−1) by 41.1% and 32.9% respectively,
compared to zero-torquemode, and 34.8%and30.9%compared to normal-
shoe mode (Fig. 6j, n). We also optimized the assistance of a single-degree-
of-freedom knee extension exoskeleton (Fig. 2d and Supplementary Fig. 3)
while the participant walked uphill (5∘) on the treadmill at a medium speed
(1.25m s−1). Rectus femoris activity was reduced by 48.6% and 49.1% with
optimized assistance compared to zero-torque and normal-shoe modes
(Fig. 6k). Corresponding metabolic cost reductions were 15.5% and 11.5%
(Fig. 6o). In an outdoor test of the method on a mobile unilateral plantar-
flexion ankle exoskeleton (Fig. 2e and Supplementary Fig. 2), optimized
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assistance reduced soleus muscle activity of walking at user-preferred speed
by 36.9% compared to zero-torque mode (Fig. 6l).

Comparison with assistance proportional to real-time assisted
joint torque
We evaluated the performance of the strategy that applied a portion of
real-time joint torque, with four different proportional gains (Kf = [0.2,

0.3, 0.4, 0.5]), on the unilateral ankle exoskeleton (Fig. 2b) to indirectly
compare them with the proposed method. Higher gains were asso-
ciated with reduced voluntarily reported tolerability. Four out of six
participants (Supplementary Table 3) recruited could walk with more
than half of the conditions and had data recorded, and only three went
through all four gains. Participant feedback consistently characterized
the proportional real-time joint moment as “difficult to control”,
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whereas the heuristic optimization was generally perceived as “rather
comfortable”.

The reductions in soleus activity of the four conditions from zero-
torque condition, were 8.7 ± 8.5% (Kf = 0.2, n = 4, paired t test, Holm-
adjusted P = 0.67), 12.9 ± 8.9% (Kf = 0.3, n = 4, adjusted P = 0.38),
28.2 ± 11.3% (Kf = 0.4, n = 4, adjusted P = 0.12) and 35.8 ± 9.3% (Kf = 0.5,
n = 3, adjusted P = 0.15) respectively (Supplementary Fig. 12). Stride-wise
positive ankle work increased by − 1.9 ± 10.0% (Kf = 0.2, n= 4, paired t test,
adjusted P = 1), 2.6 ± 15.9% (Kf = 0.3, n = 4, paired t test, adjusted P = 0.77),
5.0 ± 24.8% (Kf = 0.4, n = 4, paired t test, adjusted P = 1) and 16.9 ± 26.8%
(Kf = 0.5, n = 3, paired t test, adjusted P = 1).

Comparison with assistance proportional to unassisted
joint torque
We also compared the proposed method to another generic assistance
(Gen2), which asserted assistance proportional to the baseline joint torque
during zero-torque mode (Supplementary Fig. 13) at low torque, for three
participants (Supplementary Table 4). Optimized condition demonstrated
muscle activity reduction of 25.1 ± 13.6% (n = 3, 10.7% to 37.6%, adjusted
P = 0.85), and 4.5± 1.4% (n = 3, 3.0% to 5.8%, adjustedP = 0.70), fromzero-
torque and Gen2 conditions, respectively. Average peak asserted torques of
Gen2 and optimized conditions were 0.391 and 0.410Nm kg−1 (Supple-
mentary Fig. 13a). Two participants (P14, P2) voluntarily reported Gen2
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*Outdoor tests used
foot pressure insoles
to measure only
ground reactions to 
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human-exoskeleton
combined system. 
Absolute total joint 
moment were not 
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Total joint data Exoskeleton input
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preferred speed

Fig. 6 | Experimental results of single-participant generality tests. a–dOptimized
desired assistance torque and average joint moments of different assistance modes
(normal-shoe and optimized assisted for all three in-lab exoskeleton systems; zero-
torquemodes also for the bilateral ankle and the unilateral knee exoskeleton systems;
none formobile systemdue to different way ofmeasuring ground reaction) along the
gait cycle under different gait conditions (speed, terrain, loading, running), assisting

devices (unilateral, bilateral, mobile, knee) and assisted joints (ankle, knee).
e–h Average local muscle activities of different modes and conditions along the gait
cycle. i–lRoot-mean-squared local muscle activity of different assistancemodes and
conditions. Muscle economy was significantly improved for all conditions.
m–o Metabolic costs of different conditions. Metabolic economy was substantially
improved for all conditions.
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condition to bemore intolerable than the optimized. The lack of statistically
significance in muscle benefit was likely due to low tested assistance torque
and small sample size.

Discussion
Different perspectives on the proposed method
The proposed rapid optimization method (Eq. (1)) can be interpreted
through several foundational perspectives, whose interplay gave rise to its
different functional properties and performance outcomes.

The simple update law (Eq. (1)) constitutes an iterative learning pro-
cess with a forgetting factor (1-α), which progressively adjusts exoskeleton
torque toward a dynamic guide. The guide comprised the downscaled time-
invariant unassisted joint torque, which served as a nominal destination,
and the downscaled time-varying assisted joint torque, which introduced
adaptive deviations from the nominal curve.

The online tuning approximates a gradient descent optimization46 that
minimizes a cost function comprisinghuman torque, exoskeletonassistance
andexoskeleton-induced changesof total joint torques (Eq. (2), “Methods”),
in which the last objective is prioritized. As human and exoskeleton torques
constitute the assisted joint torque, this formulation encouraged the
maintenance of natural joint biomechanics while efficiently offloading
muscular effort with minimal exoskeleton input.

Furthermore, the tuning rule forms a positive feedback loop between
the exoskeleton torque and the real-time assisted joint torque, with the
positive gain (Kdev, Eq. (1)) set for the assisted torque in this study.

This is an exoskeleton optimization process that leverages human
intrinsic motor optimization. The algorithm dynamically adjusts the
assistance to track the assisted joint torque, which resulted from human
adaptation to the exoskeleton’s intervention. By creating a structured
environment that facilitated human-machine cooperation, it ensures that
the assisted torque adapt optimally and be a reliable tracking target.

Performance relative to state-of-the-art personalization-based
methods
The proposed rapid heuristicmethod improvedhuman economy efficiently
and effectively with personalized exoskeleton assistance planning. Com-
pared to the state-of-the-art approach using CMA-ES to directly minimize
human economy5,17, with 1/16 of the optimization duration17, 21.8% smaller
peak torque (0.602 vs. 0.770 Nm kg−1) and for a similar unilateral ankle
exoskeleton, the optimized assistance achieved comparable local muscle
activity reduction (n = 10, 36.8± 13.3%vs.n = 1, 41%5, two-tailedunpaired t
test, adjusted P = 0.77) and comparable walking metabolic cost reduction
(n = 10, 20.4% vs. n = 11, 24.2%5, two-tailed unpaired t test, adjusted
P = 0.74) from zero-torque mode. Meanwhile, its optimization process
proved to be more comfortable and simpler in terms of computation and
actuation. Its effectiveness has also been easily transferred to different gait
conditions, devices and joints.

The short optimization process was the combined result of instanta-
neous feedback evaluationand fast optimization convergence. Inoptimizing
the plantarflexion assistance of a similar unilateral exoskeleton, the rapid
optimization here lasted 1/32 of the duration using CMA-ES to minimize
metabolic consumption for a 4-parameter assistance5, 1/24 of that for a
2-parameter one34, and 1/16 of that to minimize motion changes17. Fast
evaluation of real-time assisted torque was based on ground reaction and
motion data, both of which were measured instantaneously with relatively
low noises. Convergence speed was mostly related to learning rate (α in Eq.
(1); Fig. 5a).We set it as 0.025 and the assistance took around (not exact, due
to the presence of the time-varying assisted torque) 40 strides to rise to its
steady-state value. We set an optimization length of about three times this
rise period, 2min. Within this time, assistance profiles starting from dif-
ferent values, under different gaits, for different devices and joints, all
converge (Figs. 3, 4, 5b and 6).

The effectiveness of the proposed method in optimizing exoskeleton
assistance was attributed to its nature as a closed-loop adaptive optimi-
zation strategy with appropriate objectives and constraints. The assisted

joint torque, which comprised human and exoskeleton torques, served as
a feedback signal and included human in high-level control loop. Besides,
assistance tuning with this method was approximately equivalent to a
gradient descent optimization. Therefore, it achieved both “closed-loop”
and “optimization”. However, the implementation of a human-in-the-
loop optimization does not inherently guarantee user benefit. The feed-
back signal or objective function must be designed to correlate with
physiologically meaningful human outcomes. Real-time assisted joint
torque is the result of human optimal adaptation to gradually changing
exoskeleton interventions. Consequently, using it as feedback meant a
meaningful human-body-optimized tuning direction. On another note,
the positive feedback loop between exoskeleton torque and assisted joint
torque was purposely designed to encourage growth of exoskeleton tor-
que, by exploiting the inherent diverging property of such loops, to pro-
duce meaningful assistance. In contrast, a negative feedback loop
(Kdev < 0) wouldminimize the torque and cause the tuning process to fail.
Crucially, the presence of the nominal guide (the assisted joint torque)
constrained assistance divergence, ensuring system stability and pre-
venting human injuries. On top of all these, user comfort throughout the
optimization process prevented fight-or-flight responses and nurtured
human-machine cooperation51,52. It represented an important factor why
the feedback, i.e., assisted joint torque, was optimally adapted, and thus,
such a short process turned out to be so effective.

The approach achieved user comfort during optimization by both
minor stride-to-stride assistance changes and non-strange assistance pro-
files at all strides. The former was ensured by the choice of a non-aggressive
assistance learning rate.Witha0.025 rate set in this study, andamaximumly
[0.25 0.25] weight of assisted and unassisted joint torques in the guide, the
stride-wise change on the assistance was less than 2 Nm for a 70 kg parti-
cipantwith 100Nmpeakunassisted joint torque. Thenon-strange real-time
assistance, on the other hand, was the combined effect of a reasonable
starting position, a rather natural tuning direction and a bounded final
assistance. In all experiments except the one demonstrating algorithm
convergence by different routes (Fig. 5b), we started the assistance from a
series of zeros. The tuning direction and constraints were both governed by
theguide comprisingpre-definedportionsof time-invariantunassisted joint
torque and time-varying assisted joint torque. Both unassisted and assisted
torque resulted fromnatural human adaptation: the former to exoskeleton’s
structure and mass, and the latter to active intervention, remaining
closely around the unassisted. With small equal weight values
(0.175 ≤Knom = Kdev ≤ 0.25) set for the guide, real-time assistances were
modest in terms of both magnitude and profile.

The comfortable optimization produced comfortable optimized
assistance through different optimization routes and learning rates
(Figs. 4a and 5). The assistance peak torque was lower compared to
literature5. Moreover, the resulting optimized assisted joint torque deviated
relatively little from the unassisted one along the axis of tuning (i.e., time in
stride for this study, Fig. 4a), while exerting significantly more mechanical
power (Fig. 4b–d). This was attributed to the tuning algorithm, which
partially minimized the difference between assisted and unassisted joint
torques (Eq. (2)).

Moreover, the algorithm determined that the optimized assistance
converged to the steady-state guides (Fig. 4a; Supplementary Fig. 7 and
Supplementary Table 2) made of the downscaled optimized assisted and
unassisted total joint torques (Kdevτ joint þ Knomτ

ZT
joint). The close adjacency

of these two torque profiles also positioned the final assistance around
Kdev + Knom times the unassisted one. This outcome was deliberate,
achieved through participant-selected guide gains (Knom, Kdev), with the
principal optimization results manifesting as deviations from the designed
nominal profile (ðKdev þ KnomÞτZTjoint).

The rapid optimization greatly reduced muscle activities since the
feedback that included human in the loop, i.e., the human portion of total
assisted joint torque, was essentially produced by muscle forces. Therefore,
comparable improvements inmuscle economywere achievedwith state-of-
the-art using CMA-ES to directly minimize muscle activity5 (Fig. 3a, e).
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The proposed method achieved comparable (n = 10, 20.4% vs. n = 11,
24.2%5; No statistically significant difference) energy consumption reduc-
tion to state-of-the-art metabolism-driven CMA-ES optimizations5,17. (The
apparent highermetabolic reduction in Slade et al.17 was based on a bilateral
ankle exoskeleton system. However, it17 exhibited metabolic reduction
capabilities equivalent to Zhang et al.5, as verified by the same experimental
study17. The method17 was an efficient implementation of the latter5 for
metabolism minimization with the same optimization algorithm (CMA-
ES) but a faster metabolism estimation process.) Notably, this result was
attained while optimizing for reduction in joint torque, a local mechanical
correlate to muscle activity, rather than whole-body energy cost. This sug-
gests that maintaining user comfort throughout the optimization process
may inherently support metabolic efficiency. Furthermore, our approach
achieved state-of-the-art reductions in both metabolic cost and muscle
activitywith a single, 2-min optimizationprocess, whereas prior approaches
required separate protocols to minimize each metric individually5,17.

Human joint mobility has been largely augmented. Due to the inten-
tion to minimize joint mechanical changes during optimization (Eq. (2)),
and the fact that old and new assistance values were related by time index
(Eq. (1)), the optimized assisted joint torque was close to the unassisted one
on the axis of time within a stride (Fig. 4a). However, on the axis of joint
angle, the assisted joint torque curve rose obviously from the unassisted one
due to increased plantarflexion (Fig. 4b). It meant significantly more stride-
wise input energy to human body, which appeared as decrease of negative
power and increase of positive power during mid-stance (Fig. 4c, d).
Increased joint power suggested improved local joint mobility.

The method’s effectiveness across diverse ambulation conditions was
attributed to its direct and exclusive reliance on human-optimized mea-
surements of assisted and unassisted joint torque. The tuning rule (Eq. (1))
was constructed to be subtle and comfortable, guaranteeing the generation
of physiologically meaningful joint torque profiles, regardless of gait con-
ditions, assisted joints, assisting devices, and environments (treadmill and
over-ground).

Easy deployment of the method to new scenarios arose from the non-
parametric formulation, which required no pre-design and parameteriza-
tion of exoskeleton assistance profiles. By deriving assistance directly from
measured joint torques, the algorithm operated independently of ambula-
tion conditions, eliminating the need for explicit gait identification. Tran-
sitioning to a new application scenario—whether due to changes in
environment or user—simply required re-measuring baseline unassisted
torque, identical to initial user calibration. This approach contrasts with
traditional human-in-the-loop optimization methods5,17, which necessitate
extensive a priori research for specific joints, gait conditions, user popula-
tions, and exoskeleton devices.

The method’s effectiveness when using ground reaction induced tor-
que as joint torque estimates (τjoint, Eq. (13)) demonstrated its robustness to
estimation errors. In contrast, existing asssistance planning strategies based
on joint moment usually employ complex estimation methods such as
neural-network- or musculoskeletal-model-based ones8,10,30 for better
accuracy.Theproposedmethod, though, usedonly the ground reactiondata
from the instrumented treadmill and position data of several motion
markers (Eq. (12)). This tolerance was further confirmed by the successful
implementation on the mobile exoskeleton outdoors, where ground reac-
tions were estimated using one-dimensional pressure insole readings (Eq.
(16)) rather than six-dimensional treadmill data. Additionally, the sub-
stitution of total joint torque (τjoint) with human torque (τhuman) in the
algorithm (Eq. (16)) suggested the framework’s generalizability to alter-
native feedback modalities.

Performance relative to proportional-joint-torque approaches
The proposed update law (Eq. (1)) is characterized by an iterative tuning
process and the steady-state convergence of exoskeleton torque to a portion
of the steady-state assisted joint torque and one of the unassisted
(Kdev � τ joint þ Knom � τZTjoint). Considering also that the method tries to
minimize thedifferencebetween the two, this naturally leads to questions on

its performance relative to strategies that direct asserting the same portions
of real-time assisted joint torque (τexo = (Kdev+Knom) ⋅ τjoint) or unassisted
joint torque (τexo ¼ ðKdev þ KnomÞ � τZTjoint).

The proposed iterative tuning method appeared to offer enhanced
comfort, stability and effectiveness compared to approaches that formulates
assistance directly from real-time joint moments or muscle activities8,10,30,44.
Both strategies posit positive correlations between exoskeleton torque and
human biomechanics, and thus may have performance dependent on the
inner dynamics of how the human body reacts to intervention. However,
ourmethod implements a closed-loop optimization constrained around the
baseline unassisted jointmoment, whereas proportional-real-time-moment
paradigms can be characterized as operating in a positive-feedback-loop
manner. The proposedmethod (Eq. (1)) asserts minimal changes per stride
and was designed to provide sufficient reaction time for human adaptation,
which is hypothesized to promote comfort and cooperative responses. In
contrast, proportional-moment approaches risk introducing abrupt inter-
vention changes. Their efficacy, therefore, hinges on the user’s ability to
adapt cooperatively and instantaneously. Should a user respond defensively
or adapt poorly, the system may enter vicious cycles with drifting and
dangerous assistance. This interpretation was consistent with participant
feedback describing the strategy as “difficult to control” and the observed
lower muscle benefit compared to our method (35 ± 9.3% reduction from
zero-torque condition for 0.5 gain, Supplementary Fig. 12, vs. 43.6 ± 12.7%
in our method for participants with Knom + Kdev = 0.5, Supplementary
Fig. 5; the lack of statistical significance was likely due to small sample size).
The inter-personal variability, coupled with observed user intolerance,
suggested that the proportional joint torque strategy may be inherently
unstable and sensitive to individual user dynamics and adaptation. Besides
gradual adjustments, the presence of the nominal unassisted torque in the
tuning rule was intended to prevent undesirable human reactions from
destabilizing the system. Therefore, the heuristic optimization is suggested
to bemore robust and effective, particularly for userswith gait impairments,
ensuring both comfort and stability throughout adaptation.

Formulating assistance via the proposed iterative tuning appeared to
lead to improved outcomes compared to directly applying a fixed portion of
unassisted joint torque (Supplementary Fig. 13). The unassisted joint torque
represents an equilibriumpoint resulting from the human user’s adaptation
to the exoskeleton’s mechanical structure. Due to an imperfect
human–machine interface, exoskeleton actuation cannot fully replace
muscle actuation. Therefore, assisted joint torque is expected to inevitably
deviate fromtheunassistedbaseline as the systemshifts to anewequilibrium
under shared human-exoskeleton actuation (Fig. 4a). Different assistance
profiles necessarily alter this equilibrium state. Within the resulting state
space, one or several optimal equilibria may exist. The iterative tuning was
intended to provide an efficient pathway to converge to such optima. In
contrast, applying a fixed portion of the unassisted torque may fail to
account for equilibrium shifts due to altered actuation modes and is
therefore theorized to be inherently suboptimal. This provides a potential
explanation why participants found the Gen2 condition uncomfortable,
despite the low assistance torque and thus minimal difference in muscle
benefit with optimized condition.

In summary, all three elements, i.e., the iterative process, the assisted
joint torque, and the unassisted joint torque, are integral to the rule’s
effectiveness. The assisted torque enables closed-loop optimization that
follows the user’s internal adaptation. Iterative tuning nurtured cooperative
human adaption. The assisted torque provides constrains and stability.

Advantages relative to all state-of-the-art planning methods
These features of the proposed method translate into some advantages
distinguishing it from state-of-the-art exoskeleton assistance planning
approaches5,17,21,22.

Being explicit-model-based (Eq. (2)), it has rationally controllable
optimization processes, theoretically explainable stability, and experimen-
tally verified convergence to a fixed area with different optimization routes
and speeds. These facilitate understanding and control of human-robot
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interactions, which can potentially provide insights and options to better
exoskeleton structure, interface and assistance designs. Meanwhile, cur-
rent adaptive personalization methods5,17 are model-free that take long
(109min26) to converge, but probably at different local extrema for different
sessions; neural-network-based methods21,22, on the other hand, are
black boxes.

The method uses direct measurement of human-exoskeleton bio-
mechanical interaction itself to influence and optimize interaction.While it
is common in low-level control, e.g., torque tracking, to manipulate a
variable by directly measuring, feeding back and influencing it, this is less
explored for closed-loop exoskeleton high-level control. Current adap-
tive personalization methods5,17 use indirect physiological signals as feed-
back, which lacks efficiency and precludes better understanding of
human–robot coupling mechanism.

By being fast, comfortable and safe, thismethod is real-life accessible to
various user groups. Current adaptive personalization processes require
users to walk under multiple uncomfortable assistance profiles for at least
32min. This is always undesirable for all users, unacceptable for a big
portion, and impossible for the gait-impaired ones. On the other hand,
instantaneous neural-network-based methods do not specifically attend to
inter-personal differences or possible dangerous positive-feedback loops.
Their safety and stability depend more on the ability of healthy users to
quickly adapt to instant exoskeleton actions and stabilize the human-robot
system. This creates risks in complex time-varying real-life scenarios,
especially for gait-impaired users.

The proposed method is easily deployable at all stages. At the pre-
paration stage of new applications: current adaptive personalization
methods require pre-research to define and parameterize general assis-
tance profiles; instantaneous neural-network-basedmethods require large
experimental datasets, simulations and data training to form a black-box
model. During the on-line assistance planning stage: current personali-
zation methods need high computation power and actuation capacity to
generate and realize randomized profiles; neural-network-based
methods21,22 require even higher power to run data-driven models.
None of these applies to the rapid heuristic optimization. Moreover, it
produces gentler assistance, which is safer andmore energy-saving during
actual assisted walking. Reduced research efforts, computing power and
actuation capacity lead to easier re-planning and continuous planning,
enduring battery usage and smaller motor sizes. Meanwhile, the non-
parametric nature of the assistance and the simplicity of the method
enable computational demands to scale linearly with the number of
assisted joints, while optimization time remains unchanged. Thus, the
method can be easily extended to multi-joint exoskeleton systems with
only neglectable additional computing cost. All these suggest easier daily-
life usage.

Conclusions and future works
The keys to the success of the proposed method, as discussed, included (a)
an instantaneously measurable interaction-related feedback, (b) a reason-
able tuning direction, and (c) a continuous direct association between the
feedback and the variable to be optimized.We do not claim the necessity to
choose assisted joint torque as feedback, or unassisted joint torque as
nominal guide, or assistance torque as variable, or anupdation rule based on
absolute time in stride. Neither do we claim the necessity of matching data
types between feedback and variable. Other interaction-related low-noise
signals, such as interface impedance, power or energy, of the coupled system
or a subsystem, might work as feedback. Sources other than experimental
evaluations, such as simulations andprior studies,might be used to generate
guides. Other forms of intervention to humans, such as admittance,
impedance, or motion profiles, might work as variables. Updation of vari-
ables from prior values might be based on relative time in stride, kinetic
information such as joint angles, or other kinds of gait phase estimators.
Data-driven neural-network-based techniques might also be incorporated
to enhance various parts of the process, e.g., joint torque estimation as in
refs. 22,30. These and more possibilities are yet to be explored and verified.

Further studies of the current implementation are also beneficial. For
example, the best learning rates and optimization durationsmight differ for
various applications26. Different relative weights between the nominal and
the feedback terms in the guide might cause different behaviors and per-
formances. The effects of torque estimation errors are not yet rigorously
investigated. Insights of human–robot interaction and coupling mechan-
isms possibly revealed by the explicit model deserve deeper investigations.
Moreover, the assistance profiles achieved through optimization under
fairly fixed conditions can be generalized to practical scenarios with varying
speeds and individual strides53.

The proposed rapid optimization method significantly reduced
research and operational costs for developers, physical and psychological
costs for users, and time cost for both. It will largely elevate the accessibility
level of effective, personalized and continuously-tuned practical exoskele-
tons in everyday scenarios and improve life quality for various users.

Methods
Interaction-based exoskeleton assistance tuning algorithm
The desired exoskeleton assistance torque started from a series of zeros
(except the convergence tests) andwas tuned iteratively at every stride based
on the following rule:

τdesðk; iþ 1Þ ¼ ð1� αÞ � τdesðk; iÞ þ α � ½Knom � τZTjointðkÞ þ Kdev � τjointðk; iÞ� ð1Þ

where τdes is the desired assistance profile; k is the time index or the number
of control cycles elapsedwithin this stride; i is the current stridenumber, and
i+ 1 is the next; τZTjoint is the pre-measured human joint moment when the
participant walked wearing the exoskeleton but with zero assistance, i.e.,
unassisted joint torque; τjoint is the real-timemeasured total jointmoment of
the coupled human-exoskeleton system, i.e., assisted joint torque; α is the
learning rate, determining the update step size and convergence speed of the
assistance profile; Knom and Kdev are coefficients of the nominal part and
feedback part respectively; ½Knom � τZTjointðkÞ þ Kdev � τ jointðk; iÞ� together
forms a tuning guide that directs the tuning process.

Analysis of gradient descent rapid heuristic optimization
This tuning algorithm realized a gradient descent optimization process,
composed of a series of independent sub-processes, that minimizes the
combined cost of human biological joint moment, exoskeleton assistance
and the deviation of total assisted joint torque from the unassisted human
joint torque.

Consider a stride-wise cost function Jstride ¼
PStrideEnd

k¼1 JðkÞ, in
which J(k) stands for the cost function for index k within the gait
cycle, formulated as

JðkÞ ¼ 1
2
λ1ðkÞτ2humanðkÞ þ

1
2
λ2ðkÞτ2exoðkÞ þ

1
2
λ3ðkÞ½τ jointðkÞ � τZTjointðkÞ�2:

ð2Þ

τhuman is the human biological joint moment, τexo is the exoskeleton assis-
tance torque, τjoint is the human-exoskeleton combined joint moment, τZTjoint
is the unassisted human joint torque. The coefficients λ1(k), λ2(k), λ3(k) are
non-negative and remain fixed for each specific index k.

The partial derivative of the cost function with respect to τexo is

∂JðkÞ
∂τexoðkÞ

¼ λ1ðkÞτhumanðkÞ �
∂τhumanðkÞ
∂τexoðkÞ

þ λ2ðkÞτexoðkÞ

þ λ3ðkÞ½τ jointðkÞ � τZTjointðkÞ� �
∂τjointðkÞ
∂τexoðkÞ

ð3Þ

Since τjoint(k) = τhuman(k) + τexo(k),

∂τhumanðkÞ
∂τexoðkÞ

¼ ∂τjointðkÞ
∂τexoðkÞ

� 1: ð4Þ
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Let ρðkÞ ¼ ∂τjointðkÞ
∂τexoðkÞ , we have

∂JðkÞ
∂τexoðkÞ

¼ λ1ðkÞτhumanðkÞ � ½ρðkÞ � 1� þ λ2ðkÞτexoðkÞ þ λ3ðkÞ τjointðkÞ � τZTjointðkÞ
h i

� ρðkÞ

¼ λ2ðkÞ � λ1ðkÞρðkÞ þ λ1ðkÞ
� �

τexoðkÞ þ λ1ðkÞρðkÞ � λ1ðkÞ
� �

τjointðkÞ
þ λ3ðkÞρðkÞ τjointðkÞ � τZTjointðkÞ

h i
:

ð5Þ

By gradient descent and the assumption that τexo = τdes, with a learning rate
of λ(k),

τexoðk; iþ 1Þ ¼ τexoðk; iÞ � λðkÞ � ∂JðkÞ
∂τexoðkÞ

¼ 1� λðkÞ λ2ðkÞ � λ1ðkÞρðkÞ þ λ1ðkÞ
� �� �

τexoðk; iÞ
þ λðkÞλ1ðkÞ 1� ρðkÞ� �

τjointðk; iÞ þ λðkÞλ3ðkÞρðkÞ
τZTjointðkÞ � τ jointðk; iÞ
h i

:

ð6Þ

Human locomotion is itself optimized and tends to maintain its original
biomechanics as much as possible in the presence of external disturbances.
Especially under gentle assistance tuning like the approach in this study, in
which α = 0.025 and Knom + Kdev <1, human feels rather comfortable and
safe and will not overreact51, i.e., ∣ρ∣ ≪1 (Supplementary Fig. 14).

Here, negative, zero and positive ρ values respectively indicate that
muscle torque reduction is a bitmore than, the same as and slightly less than
exoskeleton input increase. In any of these cases, total joint torque is not
largely affected while human effort is partially replaced by exoskeleton at an
efficiency R (Eq. (7)) of about 100%.

R ¼ �∂τhuman

∂τexo
× 100% ¼ 1� ρ ð7Þ

Any exoskeleton intervention that causes more improvement of mobility
than the increase of human efforts constitutes meaningful assistance.
Hundred percent R clearly represents one such instance.

Meanwhile, the tendency to keep natural joint biomechanics, ensured
by complexhumandynamics, alsomeans a larger coefficient for joint torque
changes, λ3, relative to λ1 and λ2, in the cost function.

The approach proposed in this study was equivalent to enforcing a
small constant positive ρ(k), and thus constant α, Knom and Kdev values at
index k for an optimization session. Rewriting Eq. (6), we got the assistance
update algorithm in the format of Eq. (1) as below:

τexoðk; iþ 1Þ ¼ ð1� αÞτexoðk; iÞ þ αðKdev þ KnomÞτ jointðkÞ
þ αKnom τZTjointðkÞ � τjointðk; iÞ

h i

¼ ð1� αÞτexoðk; iÞ þ α Knomτ
ZT
jointðkÞ þ Kdevτjointðk; iÞ

h i ð8Þ

in which

α ¼ λðkÞ½λ2ðkÞ � λ1ðkÞρðkÞ þ λ1ðkÞ�;

Kdev þ Knom ¼ λ1ðkÞ½1� ρðkÞ�
λ2ðkÞ � λ1ðkÞρðkÞ þ λ1ðkÞ

2 ð0; 1Þ;

Knom ¼ λ3ðkÞρðkÞ
λ2ðkÞ � λ1ðkÞρðkÞ þ λ1ðkÞ

> 0:

ð9Þ

Analysis based on the cost function in Eq. (2) aligns with that based on the
tuning rule in Eq. (1). Equal weights of nominal and feedback terms in
tuning guide, i.e.,Knom =Kdev, together with a small ρ(k), means a big λ3(k),
which alignswith previous discussion that small ρ(k) andbigλ3(k) come as a
pair. For example, λ3(k) = 9.5λ1(k) when ρ(k) = 0.05. Meanwhile, smaller
Knom and Kdev values suggest larger λ2(k), i.e., more intention to keep

exoskeleton assistance smaller. This alignedwith the results that participants
with smaller Knom and Kdev had smaller peak optimized torque values
(Supplementary Table 2 and Supplementary Fig. 11).

*More on ρ, R and human–exoskeleton interaction behavior. Both

ρ ¼ ∂τjoint
∂τexo

and R ¼ � ∂τhuman
∂τexo

describe human body’s reactions to exoske-

leton input. They are governed by the internal physical and chemical
dynamics of human body. The definition of ρ was introduced to design,
by inverse dynamics, an exoskeleton torque tuning rule (Eq. (1)) that

governs how the exoskeleton reacts to human actions, i.e., ∂τexo
∂τjoint

or ∂τexo
∂τhuman

.

Therefore, the values of ρ solely without the knowledge of ∂τexo
∂τjoint

,

sometimes cannot fully portray the human-exoskeleton interaction
behaviors.

When ∣ρ∣ ≪ 1, as produced by the proposed method in this study,
human effort is replaced by exoskeleton at an efficiency of R ≈ 100%. This
qualifies as effective exoskeleton assistance while maintaining original
mobility. In this region,−1≪ ρ< 0, ρ= 0 and 0 < ρ≪ 1 correspond to slight
reduction, maintenance, and slight augmentation of the total joint torque,
respectively.

Beyond the ∣ρ∣ ≪ 1 region and discussion of this rapid heuristic
optimization method, if 0 < ρ ≤ 1 (0≤R <100%), an increase in exoskeleton
torque causes a decrease or no change in human torque.Total joint torque is
thus augmented.

If ρ >1, an increase in exoskeleton torque will lead to an increase in
human torque, which means the user is resisting exoskeleton intervention.
Although joint torque is further enlarged, this situationmay incur instability
and endanger the user, depending on the exoskeleton high level controller
for input torque planning, i.e., ∂τexo∂τjoint

.
If ρ<0 (i.e.,R>100%), the user feels insecure and attempts to disengage

or ‘escape’ from the exoskeleton. Human torque decreases more than
exoskeleton torque increases, leading to a net reduction in total joint torque.

However, this analysis is about instant changes in total joint torque. To
fully assess joint mobility and human-exoskeleton interaction modes,
changes in joint torque and joint motion must be considered together over
the entire gait cycle.

Experimental protocol and participants
Weperformedfive sets of experimental studies to test ourmethod.Themain
one was to test the effectiveness of the proposed method across individuals.
The single-subject generality studies were to verify the effectiveness of the
method across gait conditions, assisting devices and assisted joints, and to
demonstrate the ease in deploying new applications. Single-subject con-
vergence tests were to investigate the influence of learning rates and initial
positions onoptimization results.We tested the performanceof exoskeleton
torque proportional to real-time total joint torque. We also compared the
performance of our proposedmethod against applying a proportional share
of baseline unassisted joint torque. All experimental protocols were
approved by Nankai University Biological and Medical Ethics Committee
(No. NKUIRB2023058). All participants provided written informed con-
sents before the experiments.

Ten healthy individuals (8 males and 2 females; age = 23.8 ± 1.0
[23–26] years; mass = 68.2 ± 8.4 [51–83] kg; height = 1.74 ± 0.06
[1.65–1.88] m;mean ± standard deviation [range]. Supplementary Table 1)
participated in the main study. Participants wore a tethered unilateral
single-degree-of-freedom ankle exoskeleton (Fig. 2c and Supplementary
Fig. 1) that provided plantarflexion assistance during treadmill walking at
1.25m s−1. All participants experienced two experimental stages: optimi-
zation and validation. Before optimization, each new participant put on the
exoskeleton, walked in it with zero assistance, and tried to walk under some
experience-based assistance profiles with ramping peak torques. This
familiarization process took several minutes. Stable walking joint moments
under zero-torque mode were recorded for ten strides and averaged to
evaluate unassisted joint torques. The value of Kdev = Knom for the
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optimization was set based on the amount of assistance the participant was
willing to tolerate ([0.175, 0.25]).

During optimization, each participant started walking with a desired
exoskeleton assistance torque profile consisting of a series of zeros. It was
then tuned stride-wise towards the real-time measured ankle torque and
nominal unassisted joint torque based on Eq. (1), with a learning rate
α= 0.025, for 2min. The assistance at the endwas considered the optimized
assistance. In validation, participants walked under the optimized condition
and the control conditions. All participants walked with normal-shoe and
zero-torque control conditions. Seven of the ten also walked with a generic
control condition achieved by averaging the optimized profiles of a state-of-
the-art approach5 (0.74 Nm kg−1 peak torque, 50.4% peak time, 22.8% rise
time, and 12.8% fall time, Fig. 3h). The remaining three participants skipped
the generic assistance since they found it unbearable. All conditions were
tested in a double-reversal order of NW (normal-shoe walking)–ZT (zero-
torque mode)–Gen (generic assistance mode)–Opt (optimized assistance
mode)–Opt–Gen–ZT–NW. Each session lasted 6min.

Placing the NW condition at both ends eliminated the need for mul-
tiple donning and doffing cycles. It ensured a consistent human-device
interface for all exoskeleton-involved conditions (ZT, Gen, Opt) in between
and thus a cleaner comparison. The Opt condition was positioned centrally
to maximize the time gap between the end of the optimization process and
the validation of Opt condition. This design deliberately counteracts the
potential advantageOpt could gain from short-termhuman adaptation and
familiarity during the prior iterative tuning, ensuring a fairer comparison
against other conditions. ZT was tested before Gen as it represents a more
distinct departure from the Opt condition. This sequence further helped to
“defamiliarize” the user from the Opt condition before testing the more
similar Gen profile.

Metabolic consumption, muscle activity and kinematics were mea-
sured throughout the process. Data of the last 3minwere averaged between
two sessions of repeated conditions for analysis (Figs. 3 and 4; Supple-
mentary Figs. 5–10). All participants completed their trials within 2 h on
their respective experiment day.

Six participants were recruited to evaluate the high-level exoskeleton
planning strategy the asserts assistance proportional to the real-time esti-
mates total joint torque, i.e.,

τexo ¼ Kf � τ joint ð10Þ

whereKf is the proportional ratio, on the same unilateral ankle exoskeleton
emulator as the main study. Two were unable to complete the protocol due
to intolerance of the exoskeleton-induced instability. Consequently, data
from four participants (all male, 24.3 ± 0.96 years, 1.83 ± 0.05 m,
72.8 ± 8.4 kg; Supplementary Table 3) were included in the analysis. Three
participants (P2, P7, P12) completed trials at gains ofKf = [0.2, 0.3, 0.4, 0.5].
The fourth participant (P11) could not tolerate the Kf = 0.5 condition. ZT
condition was included in validation as a reference. Conditions were tested
in the order of ZT–0.2τjoint–0.3τjoint–0.4τjoint–0.5τjoint–0.5τjoint–0.4
τjoint–0.3τjoint–0.2τjoint–ZT.

3 participants (all male, 24.7 ± 1.5 years, 1.79 ± 0.08m, 76.3 ± 8.4 kg;
Supplementary Table 4) were recruited for the comparison between the
proposed method to the second generic assistance (Gen2), which asserted
assistance proportional to the joint torque during zero-torque mode, i.e.,

τexo ¼ Kp � τZTjoint ð11Þ

where Kp is a constant ratio. Tests were conducted on the same unilateral
ankle exoskeleton emulator.While twoparticipants (P14,P6)used relatively
small pre-set gains (Kp = 0.35, Kdev = Knom = 0.175), the third (P2) self-
selected the maximum gains he was willing to tolerate for both conditions:
Kp=0.4 forGen2 andKdev =Knom=0.5 for theoptimizedcase. ZTcondition
was included in validation for references. Conditions were tested in the
order of ZT–Gen2–Opt–Opt–Gen2–ZT.

One individual (P1) participated in all generality studies. The method
was tested for the same unilateral ankle exoskeleton as main study when
level walking speed changed from low (1.0m s−1), medium (1.25m s−1), to
high (1.5m s−1), terrain changed to uphill (10∘ incline, 1.25m s−1), loaded
was added to human body (20% bodymass, 1.25m s−1) and gait changed to
running (2.5m s−1). It was also tested when assisted device changed to a
bilateral exoskeleton (1.25m s−1, level walking, Fig. 2c), a knee exoskeleton
(5° uphill walking, 1.25m s−1, Fig. 2d and Supplementary Fig. 3) and a
mobile unilateral ankle exoskeleton (outdoor ground level walking, pre-
ferred speed, Fig. 2e and Supplementary Fig. 2). The optimization and
validation processes were similar to those of main study. In unilateral ankle
exoskeleton studies, the normal-shoe mode was used as a control condition
in validation. For the bilateral ankle exoskeleton and knee exoskeleton,
control conditions were normal-shoe and zero-torque. In the case of knee
assistance, rectus femorismuscle activitywasmeasured insteadof the soleus.
For themobile exoskeleton outdoors, the control conditionwas zero-torque
and only muscle activity was measured in validation. All studies with the
unilateral ankle exoskeleton were conducted within a single day. The par-
ticipant had 20-min breaks in between conditions.We tested themethod on
the bilateral ankle exoskeleton and the unilateral knee exoskeleton on a
different day, and the mobile ankle exoskeleton on another.

P1 also walked for the optimization convergence studies of different
learning rates and initial states. They were with the same exoskeleton and
walking speed as the main study. These studies included only optimization
without validation sessions. For the learning rate study, the participant
started with zero assistance and had the assistance tuned with 5 different
rates (α = {0.005, 0.01, 0.025, 0.05, 0.1}). The influence of the initial assis-
tance profile was tested by setting it as nine different curves instead of zeros.
These curves were generated by the combination of three peak times (47%,
50%, and 53%) and three peak torques (20 Nm, 40 Nm, 60Nm) with the
same rise and fall times as the generic condition5.

Exoskeleton hardware and control
All experimental studies except the one on mobile ankle exoskeleton were
conducted with a tethered exoskeleton emulator comprising a wearable
exoskeleton end-effector and an off-board actuation and control module
(Fig. 2a–d and Supplementary Fig. 1).

The unilateral ankle exoskeleton end-effector47 in themain, generality,
and convergence studies can provide plantarflexion torque assistance dur-
ingwalkingor running (Fig. 2b). It consists of shank, foot andheel segments,
with most parts machined from carbon fiber or 7075 aluminum. The end-
effector weighs 0.5 kg and can provide assistance torques up to 100Nm.
Flexible Bowden cable connects the end-effector and off-board actuator,
delivering assistance forces and powers. Force is transmitted to the user
beneath the heel by a rope and below the knee via a padded strap. The end-
effectors of the bilateral ankle exoskeleton used in the generality study were
modified from the unilateral one50. The shank carbon fiber struts were
redesigned as a hook shape. Their posterior sides were rotated about the
longitudinal axis towards the human leg for 10 ° to avoid possible contacts
between the legs during walking. Other parts were also adjusted for better
comfort and safety.

The unilateral knee exoskeleton end-effector, inspired by a previous
design54, consists of the thigh and the shank segments (Supplementary
Fig. 3). It interfaceswith the user behind the thigh, below the knee and above
the ankle by wraps, providing extension assistance to the knee joint. Similar
to the ankle exoskeleton end-effectors, a U-shaped patella bracket sits in
front of the knee to connect the driving cable. Machined by carbon fiber, it
has a long lever arm and provides series elasticity. The thigh and shank
carbonfiber struts alsohave an internal rotationat theposterior side to avoid
collision between assisted and unassisted legs. The knee exoskeleton end-
effector weighs 0.86 kg in total.

Three types of sensors were integrated into each of the end-effectors. A
load cell (DYMH-106, DAYSENSOR, China) was fixed at the end of the
driving cable to measure the assistance force. Assistance torque was
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calculated by multiplying the measured force and lever arm of the end-
effector. Amagnetic encoder (PQY18, ACCNT, China) was installed on the
joint axle to sense the joint angle. Heel strikes were detected by a foot switch
(KW12, Risym,China) attached to the lateral side of the shoe on the assisted
leg for detecting gait cycles. A signal-bridging module between the sensors
and an assembled data cable was designed and installed to ease switching of
end-effectors.

Off-board actuation and control module provided a wide range of
assistance and accurate torque tracking. The actuation system com-
prised an AC servo motor, a 5:1 planetary gear mechanism and a motor
driver (BSM90N-175AA, GBSM90-MRP120-5, and MF180-04AN-16
A, ABB, Switzerland). A real-time controller (MicroLabBox, dSPACE,
Germany) acquired sensor signals at 5000 Hz and executed exoskeleton
planning and control at 500 Hz. To assist human locomotion, exoske-
letons enforced assistance profiles by a combination of proportional-
derivative control, model-based feed-forward control and iterative
learning control49 during the stance phase. In the swing phase of assis-
tancemode and both phases of zero-torquemode, exoskeletons followed
the wearer’s joint movements.

Real-time biomechanics estimation
The rapid heuristic exoskeleton assistance optimization relied on the real-
time measurement of human-exoskeleton joint biomechanics. We esti-
mated the total jointmoment as the torque producedby the ground reaction
force (GRF) on the human joint axis by ignoring joint inertia and
acceleration55.

In all studies except the outdoor mobile ankle exoskeleton one, GRF
was measured by an instrumented split-belt treadmill (FIT, Bertec, USA).
Tenmotion capture camerasmeasured kinematic data (Oqus 700,Qualisys,
Sweden). During ankle exoskeleton assistance, two optical markers were
affixed on the medial and lateral sides of the assisted ankle joint to instruct
the joint axis (Supplementary Fig. 4). The real-time controller (MicroLab-
Box, dSPACE, Germany) collected the GRF data through analog acquisi-
tion, and marker coordinates through Ethernet communication at 500 Hz.
The signals were then low-pass filtered at 25 Hz before calculation.

The measured coordinates of lateral joint marker Ptl, medial
joint marker Ptm, the center of pressure Ptcop and the GRF F

!
grf were

represented as:

Ptl ¼
xl
yl
zl

2
64

3
75; Ptm ¼

xm
ym
zm

2
64

3
75; Ptcop ¼

xcop
ycop
zcop

2
64

3
75; F

!
grf ¼

Fx

Fy

Fz

2
64

3
75: ð12Þ

The total joint torque (moment) was then estimated as:

τjoint ¼ ð r!× F
!

grf Þ � e!axis

¼ ðryFz � rzFyÞex þ ðrzFx � rxFzÞey þ ðrxFy � ryFxÞez
ð13Þ

where

r!¼ PtlPtcop
����! ¼

xcop � xl
ycop � yl
zcop � zl

2
64

3
75 ¼

rx
ry
rz

2
64

3
75 ð14Þ

and the unit vector along the joint axis from medial to lateral side is

e!axis ¼
PtlPtm
���!
jPtlPtm
���!j

¼

xm�xlffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxm�xlÞ2þðym�ylÞ2þðzm�zlÞ2

p
ym�ylffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðxm�xlÞ2þðym�ylÞ2þðzm�zlÞ2
p

zm�zlffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxm�xlÞ2þðym�ylÞ2þðzm�zlÞ2

p

2
66664

3
77775 ¼

ex
ey
ez

2
64

3
75: ð15Þ

Joint moments determined this way have negligible differences from those
calculated using inverse dynamics55. The method has been adopted in
various exoskeleton applications56.

To measure the joint angle, another two markers were affixed on the
lateral side of two adjacent joints, such as the knee andmetatarsophalangeal
joints for the ankle. Joint angle measurements were calibrated during quiet
standing. Joint powers were calculated by multiplying measured joint
moments and velocities.

Outdoor exoskeleton assistance optimization
We tested the proposedmethodduring outdoor level groundwalkingwith a
mobile unilateral ankle exoskeleton. The mobile exoskeleton consists of a
right ankle end-effector, a waist actuation pack and a portable lithium
battery (Supplementary Fig. 2). The whole system weighs 2.5 kg, of which
the end-effector 0.45 kg. The end-effector is the same as the one used in the
tethered bilateral ankle exoskeleton50 in the generality study. The actuation
system was attached to the back of the waist to reduce distal mass and
metabolic penalty. A 24 V, 4700mAh lithium battery (TB47S, DJI, China)
powered themobile exoskeleton system, allowing 3 h of continuous assisted
walking.

Thewaist actuationpack comprisesmotors, driving cable transmission
assemblies, and an embedded controller (Supplementary Fig. 2a). Two
brushless DC geared motors (CyberGear, Xiaomi, China) were mounted
in the actuation pack with only one used in this study. Each motor weighs
0.32 kg and has a rated peak torque of 12 Nm with no-load speed of
296 rpm. A customized pulleywith a radius of 0.020m connects the driving
cable to the end-effector’s heel bracket, which produces a 5:1 driving ratio
and provides a peak torque of 60Nm at the assisted ankle. A control circuit
board with two embedded microcontroller units (i.e., MCU; ESP32-
WROOM32D, Espressif, China) was developed for real-time control and
assistanceoptimization.OneMCUis the controllingunit performing sensor
data collection and closed-loop control at 500Hz. The other is the planning
unit performing profile generation and optimization. Meanwhile, it com-
municatedwith the host PC bywireless network, sending exoskeleton states
and receiving operation commands. The entire waist actuation pack
weighs 1.2 kg.

An instrumented pressure insole was used to estimate the biological
ankle moment during outdoor walking (Supplementary Fig. 2e). An
acquisition unit scanned the arrayed pressure sensors of the filmy insole
(RXES42-16P, Roxifsr, China) and transmitted all 8 sensors’ pressure
readings Prj (j={1,2,...,8}; Supplementary Fig. 2n) to the planning MCU
through wireless network at 500Hz. Since the foot pressure insole was
installed inside the shoe, total joint torquewas not available as in in-lab tests.
Instead, only the human biological ankle joint moment was estimated, as:

τhuman ¼
X8
j¼1

rjSjPrj ð16Þ

where rj was the distance from the center of the j-th pressure sensor to the
ankle joint axis; Sjwas the area coefficient of j-th pressure sensor. Parameters
were calibrated by the joint moments calculated using the OpenSim inverse
dynamics tool from the data measured by the instrumented treadmill and
motion capture cameras.

One participant (P1) walked for the outdoor assistance optimization
pilot tests. The participant wore the ankle exoskeleton on his right foot and
walked outside along a flat path with a preferred speed. The unassisted joint
moment τZTjoint wasmeasured with the exoskeleton providing zero assistance
torque before the optimization stage. Then the assistance profile was
iteratively tuned by the unassisted joint moment and real-time estimated
biological moments as

τdesðk; iþ 1Þ ¼ ð1� αÞ � τdesðk; iÞ þ α � ½Knom � τZTjointðkÞ
þ Kdev � τhumanðk; iÞ�:

ð17Þ
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It was different from the algorithm of in-lab studies (Eq. (1)) by using
human joint torque τhuman(k), instead of total joint torque τjoint(k), as
feedback. α, Knom, Kdev had the same definition as those in the tethered
system. The latter two were set as 0.175 in the outdoor experiment, and α
was 0.025. After a 2-min optimization, the assistance was evaluated
compared to the zero-torque condition in a double-reversal order (ZT-Opt-
Opt-ZT).

Validation data collection and processing
Metabolic energy consumption and electromyography were recorded to
evaluate the effectiveness of the optimized assistance in the main and gen-
erality studies. Participants were told to refrain from all food and drink
exceptwater for at least 3 hbefore experiments.Metabolic consumptionwas
indirectly measured through breath-by-breath carbon dioxide and oxygen
volumes through respiratory equipment (K5, Cosmed, Italy). It was com-
puted with a standard equation57 and averaged over the last 3 min of each
trial of validation. Net metabolic cost was calculated as the steady-state
metabolic cost minus the quiet standing metabolic cost, which was mea-
sured before validation tests during a quiet standing session.

Muscle activities weremeasured by surface electromyography (Trigno,
Delsys, USA), and the signals were acquired at 500 Hz by the real-time
controller. The raw signals were processed through a 25Hz high-pass filter,
a rectifier, and a 6 Hz low-pass filter to produce clearer envelopes. The EMG
envelopes were averaged across strides of the last 3 min of each condition
and normalized by the peak magnitude of the related control condition for
each participant (Figs. 3g and 5e–h). The Root-Mean-Square (RMS) of
stride-wise EMG envelopes was calculated and averaged across strides to
reflex the averagemuscle activation (Figs. 3a, c and5i–l). For themain study,
RMS soleus muscle activity was normalized by each participant’s normal-
shoe mode. During the in-lab generality studies, RMS local muscle activity
of each gait condition was normalized by the normal-shoe condition of
medium speed level walking for unilateral ankle exoskeleton tests (Fig. 5i),
normal-shoe condition for bilateral ankle exoskeleton (Fig. 5j) and knee
exoskeleton (Fig. 5k), and zero-torque condition for mobile exoskeleton
outdoors (Fig. 5l).

For all the data presented along the axis of time or angle (Figs. 3g, h,
4a–c, and 5a–f; Supplementary Figs. 7–9), the measured data of each stride
were off-line resampled to the same length of 1000, averaged across all
strides, and again averaged across participants when necessary. Metabolic
costs, joint moments, joint mechanical power, assistance profiles, and
assisted powerwere normalized by the bodymass of each participant for the
purpose of comparison. The reductions in metabolic costs and muscle
activitieswere calculated as percentages and averaged across all participants.

For tests on bilateral plantarflexion ankle exoskeleton, independent
optimizations were conducted for two legs. In validation, muscle activities
and biomechanics were measured independently for two legs and averaged
for presentation (Fig. 5b, f, j, n).

Statistical analysis
For metabolic consumption, RMS muscle activities and stride-wise joint
power in the main study, we reported the statistical difference between
validation conditions. All statistical analyses were performed with
MATLABR2023b after experiments.We used paired t-tests to compare the
optimized assistance conditionwith generic assistance (n = 7), normal-shoe
(n = 10), and zero-torque conditions (n = 10). The significant level was 0.05
for all analyses. No statistical analysis was performed for additional gen-
erality experiments of a small sample size (n = 1). Two-tailed unpaired t-
testswere used to compare theperformanceof ourmethoddemonstratedby
the main study, including optimized assistance parameters, metabolic cost
reduction and muscle activities reduction,with a control study5. In the
proportional joint moment study, paired t-tests were used to compare each
of the four conditions and zero-torque on stride-wise positive work and
soleus activity,Holm–Bonferroni correction onP valueswas used to control
family-wise error rate of type I errors. The eight P values from paired t-tests
of themain study were adjusted as a family. The three from unpaired t-tests

between the optimized condition in our study and that in literature5 were
adjusted as a second family. The 8 from paired t-tests of the proportional-
moment study were adjusted as a third family. The two from paired t-tests
for the comparison between optimized condition and the generic assistance
proportional to unassisted joint torque were adjusted as a fourth family.

Data availability
All data supporting the findings of this study, as presented in texts, figures
and tables, are available in Supplementary Data 1 in Matlab.mat format.
Readme files explaining the data structure and sample access codes are also
included in S1. Experimental procedures and testbed setups are shown in
Supplementary Movie 1.

Code availability
Example scripts are provided in Supplementary Data 1 to exhibit how to
process the data. This code uses Matlab version 2023b.
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