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Abstract

This study presents an innovative reinforcement
learning (RL) control approach to facilitate soft
exosuit-assisted human walking. Our goal is to
address the ongoing challenges in developing re-
liable RL-based methods for controlling physi-
cal devices. To overcome key obstacles—such
as limited data, the absence of a simulator for
human-robot interaction during walking, the need
for low computational overhead in real-time de-
ployment, and the demand for rapid adaptation
to achieve personalized control while ensuring
human safety—we propose an online Adaptation
from an offline Imitating Expert Policy (AIP) ap-
proach. Our offline learning mimics human expert
actions through real human walking demonstra-
tions without robot assistance. The resulted pol-
icy is then used to initialize online actor-critic
learning, the goal of which is to optimally person-
alize robot assistance. In addition to being fast
and robust, our online RL method also posses im-
portant properties such as learning convergence,
dynamic stability, and solution optimality. We
have successfully demonstrated our simple and
robust framework for safe robot control on all
five tested human participants, without selectively
presenting results. The qualitative performance
guarantees provided by our online RL, along with
the consistent experimental validation of AIP con-
trol, represent the first demonstration of online
adaptation for softsuit control personalization and
serve as important evidence for the use of online
RL in controlling a physical device to solve a
real-life problem.
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1. Introduction

Goal of this study. Wearable robots such as rigid exoskele-
tons and soft exosuits have been extensively researched and
have shown great promise for gait rehabilitation (Rodriguez-
Fernandez et al., 2021) and for assisting human walking to
reduce physical efforts (Collins et al., 2015). Unlike rigid ex-
oskeletons, soft, garment-like devices made from materials
like silicone elastomers and fabrics provide a more com-
fortable, safer, and adaptable user experience (Granberry
et al., 2017; Save et al., 2025; Yumbla et al., 2021). Yet,
effectively controlling the wearable robots to seamlessly
work with human users in locomotion tasks remain a major
challenge. This may be why deployment of the promising
wearable technology still have limited success in real-world
deployment. Reinforcement learning points to two potential
solutions: sim-to-real approach or direct design in the real
physical environment. However, devising a near-perfect
simulator for human-soft exosuit walking is exceptionally
costly if at all possible given the unpredictable human be-
havior while wearing a foreign robotic device, and the ubig-
uitous presence of noise, delay, and other uncertainty in the
environment. Challenges of controlling a soft wearable
exosuit. First off, soft inflatable exosuits lack a robust model
of their dynamics (Polygerinos et al., 2015), not to mention
modeling the interaction dynamics between the user and the
robot, a necessary step in building a high fidelity simulator.
These unique challenges stem from that the pneumatic dy-
namics of the soft inflatable actuators (Joshi & Paik, 2021)
are complicated in part by the nonlinear nature of soft actu-
ators due to material properties and design geometry. The
fabric-based actuators result in highly compliant behavior
that enables high levels of deformations (Hasan et al., 2022).
The manufacturing process of the actuators also introduces
significant variations and uncertainties (Joshi & Paik, 2021).
Further wear and tear of the fabric only makes problem more
complicated. Lacking a reliable model or simulator of the
soft robot has made controlling a soft inflatable exosuit more
complex than a traditional rigid exoskeleton (Polygerinos
et al., 2015). Unlike rigid exoskeletons where the assistive
torque is determined by motor actuators and can be directly
used as a control parameter, for soft inflatables, the torque
is generated from two collaborative sources: the human and



AIP Assisted Human Walking Without a Simulator

the exosuit, which is nearly impossible to quantify. Ad-
ditionally, the inflation/deflation of the actuators typically
introduces longer actuation delays than motor-actuated ex-
oskeleton, a factor that potentially reduces stability margins
in control system design. Contributions of this study. Our
approach of online Adaptation from an offline Imitating
expert Policy (AIP) provides a holistic framework that en-
ables efficient, effective, and direct physical device control
in order to overcome the challenges of lacking a simulator,
limited data, and robustness in real time deployment. Specif-
ically, 1) instead of an algorithm-centric approach that has
been mostly developed and deployed based on extensive
simulations or vast amount of data in successful offline-to-
online robot RL control (Levine et al., 2020; Kumar et al.,
2020; Lee et al., 2022) we rely on a data-centric approach
to account for environmental noise, delay, and other un-
certainties. 2) The actor-critic online adaptation approach
has shown its capability of successfully addressing distri-
bution shift as we adapt offline learned policy to individual
new users. Validations are provided by real experiments
involving human users walking with the soft exosuit. Re-
sults successfully show that soft exosuit control has assisted
human normative walking with reduced human effort. 3)
Additionally, we provide qualitative online learning perfor-
mance assurances such as learning convergence, dynamic
stability and human safety, and solution optimality. The
qualitative performance guarantees, along with the consis-
tent experimental validation of AIP control, represent the
first demonstration of online adaptation for softsuit control
personalization and serve as important evidence for the use
of online RL in controlling a physical device to solve a
real-life problem.

2. Related Work

Control of Soft Exosuit. A fundamental control challenge
with wearable devices is modeling the interaction dynamics
between the user and the robot for optimal coordination
(Polygerinos et al., 2015; Nesler et al., 2018; O’Neill et al.,
2022; Liu et al., 2022; Wu et al., 2022), and additional
challenges as discussed in Appendix B. Several studies
have achieved successful coordination through human-in-
the-loop optimization methods. In Siviy et al. 2020, offline
optimization of a cable-driven ankle exosuit is performed to
generate the assistive torque profile. In Ding et al. 2018, the
authors perform human-in-the-loop optimization through a
Bayesian optimization to identify the peak and offset timing
of hip extension assistance with a cable-driven hip exo-
suit. In Kim et al. 2019b, the authors advance this frame-
work by coupling Bayesian optimization with a Kalman
filter metabolic estimator to deliver plantar flexion assis-
tance to the ankle with a cable-driven ankle exosuit. In Li
et al. 2022a, the authors developed a hierarchical human-in-
the-loop controller of a cable-driven exosuit for impedance

adaptation to different terrains. An offline cable control
parameter optimization was developed in Li et al. 2022b,
which relies on an impedance model based on the geomet-
ric relationship of ankle joint. While these studies have
achieved coordination between the robot and the user, they
have a strong prerequisite that the wearable robot possesses
a robust dynamical model. They also lack the ability of
online tuning and personalizing for different users. There-
fore, new innovations are needed for those wearable devices
ready for real life deployment.

Offline-to-online RL is an effective and practical approach
for robot control. Extensive research effort has been put
into addressing the distribution shift from offline to online.
The issue has been explored through various approaches.
Zhang et al. 2023 introduces policy expansion which ex-
pand the policy with another learnt policy and implements
a Boltzmann action selection strategy. Several studies (Lee
et al., 2022; Zhao et al., 2023a;b) utilize an ensemble of
pessimistic value functions to mitigate distributional shift.
Zhong et al. 2024 develops a sim-to-real application on
gantry crane. Nakamoto et al. 2024 proposes training an
additional value function to address over-conservatism. Li
et al. 2023 introduces a policy regularization term for trust-
region-style updates. Lei et al. 2023 uses an on-policy
optimization strategy unify offline and online training with-
out extra regularization. However, nearly all of the current
offline-to-online RL approaches rely on extensive simula-
tions or a vast amount of offline data, and none of them
have demonstrated directly learning from physical environ-
ment using only limited data for an offline policy (Levine
et al., 2020; Kumar et al., 2020). Furthermore, almost all
the demonstrated robot control applications are under struc-
tured environment such as those in warehouse settings or
performing specific tasks.

The PPO and SAC methods have been widely used in online
robotic learning, again, relying heavily on extensive simula-
tions for under structured environment learning. Both algo-
rithms have shown great ability to learn stochastic policies
by parameterizing a probability distribution over actions.
These distribution-based policies facilitate exploration by
sampling actions during training (Haarnoja et al., 2018;
Schulman et al., 2017). However, applying PPO and SAC
in soft exosuit robot that does not have a simulator or a
dynamic model of human-robot interaction, presents true
challenges. Additionally, in wearable robotics with human
in the loop, user comfort and safety are of great importance.
Human participants become frustrated if the robot operates
erratically (Dani et al., 2020). This necessitates exploration
of using deterministic control policies.

Data-centric approach in offline imitation learning (IL).
IL is a natural and effective part of reinforcement learn-
ing (RL) to device a reasonable initial policy (Taylor et al.,
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Figure 1.(a): Of ine imitation learning using normative human walking data with ground truth provided by MoCap. The learned policy is
then used to initialize online RL. (b): Online, personalized RL control of the soft exosuit to achieve human-robot normative walking while
minimizing human effort measured by EMG activity. Sensor data are acquired via IMU for real-time control. (c): Knee angle pro le of a
complete gait cycle (in %) with the four gait phases as shown.

2011). To address the issue of distribution shift when ap3. Method

plied in online environments (Ross et al., 2011; Spencer

et al., 2021), two typical approaches have been explore@.“r onIineAdaptationfrom an of ine Imit.ating experthI-
Algorithm-centric approaches aim to learn robust policies 'Y (AIP) procedure consists of two main phases. First, we

by imposing task-speci ¢ assumptions based on speci chveIop a data-centric of ine learning approach by employ-

characteristics of the task (Galashov et al., 2022; Guhu"9 IL. We aim_ to CaPt“re a_baseline nor_mative walking
et al., 2023; James & Davison, 2022), or acquiring aoldipollcy by focusing on improving data quality and thus the

tional data to model environment dynamics for the agent tiuality of the initial policy for online adaptation. Second,
return to in-distribution states (Englert et al., 2013: Qi et al. [0 Personalize RL controller for new users online, we use

2022). Some approaches enhance action representation Sﬁrﬂ actor-critic online learning method, the direct heuristic
as using Gaussian or mixture models to capture all exper ynamic programming (dHD.P) (Si& Wang,' 2001), which
actions (Chi et al., 2023; Mandlekar et al., 2021). OtherdS & deterministic policy gradient method. It is based on the

reduce the task length by employing temporal abstraction o€2 that the actor adjusts the policy in the direction of the
the action spaces (Shridhar et al., 2023; Zhao et al., 2023 g:tlon—value gradient, and the critic updates the action-value

Data-centric approachesprioritize data quality, primarily u.nctio_rlll. The idea c:_ns!so be found in N!IZQCA (Il—|afner &
aiming to maximize state diversity. Numerous studies fo—R'e‘jmI er, 2011), whichinturn, in DPG (Silver etal., 2014)

cus on modifying data collection processes to expose th@_nd DDEI—?D(II;I"IC(;@ et a]l., 2015). A mlore_de'galled d|sc_us-
expert to a diverse set of state transitions through shareg]°" " and Its perlformance evaluation in comparison
control (Cui et al., 2019; Kelly et al., 2019; Ross et al.,[© DDPG, as well as its several signi cant applications in
2011). Some methods allow human intervention to correcEoMPIex and realistic engineering systems can be found in

robot behavior when necessary (Gandhi et al., 2023; MahA_ppendix B. Ultimately, due to the holistic considerations

dlekar et al., 2020). Active learning guides data collectionthat de ne the AIP method, itis one of the rst realizations

toward more informative samples by prioritizing questionsthat does _not rely ona s_lmulator or vast amount (_)f of Iné
that maximize information gain while minimizing the dif - data to train an of ine policy and successfully adapt it online
culty of selecting queries(B y k et al., 2019; Cui & Niekum, fO7 NEW USers.
2018). However typical data-centric techniques, such as )
collecting more data, diversifying state transition, actively3-1- Physical Setup
learning human walking dynamics, or human interventiongefer to Figure 1, the AIP solution involves two main phases,
of natural and normative walking, are entirely unfeasiblesf ine imitation learning (Figure 1.a) and online personal-
for easy to understand reasons. We focus on improvingeq RL (Figure 1.b). In both phases, a participant walks on
data quality with two speci ¢ considerations: 1) t0 avoid the treadmill at a constant speed of 1 m/s. The inertial mea-
long data collection processes, and 2) effectively deal withs,rement unit (IMU) sensors collect kinematic data while
enwronm_ental noise to addres_s our unique problem chajpe electromyography (EMG) sensors measure muscle ac-
lenge. With such a data-centric framework, we expect tQivity simultaneously. A Motion Capture (MoCap) System,
improve action divergence (Belkhale et al., 2024) betweeRyhich provides ground truth measurement of the human
the learned policy and the demonstration policy, thereby tGoint motion, is time synced with the IMU and EMG sensors
improve task success rates. in the of ine phase and the ground truth walking pro les
were used to train an of ine human policy as an initial policy
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for online training. The complete anthropometric data ofandtc . By precisely adjusting these timings and durations,
the subjects and IRB can be seen in Appendix A and detailthe RL controller ensures that the exosuit provides optimal
on the placement of the soft in atable exosuit, its manufacassistance to the user's knee movement, enhancing over-
turing, wearable sensors, etc. can be found in Appendix [all gait ef ciency and reducing muscle effort quanti ed by

Experiment protocol can be found in Appendix E. EMG measurement (EMG Effort). Note that, it is natural to
maintain consistency in the state and action spaces during
3.2. State and Control Variables both of ine and online learning.

An _analysis of knee j_oint kinematics reveal; two critica_l 3.3. Safety Constraints
regions associated with knee stance extension (from point
A to B) and swing extension (from point C to D) during a To ensure human participants walk continuously and safely,
gait cycle (Figure 1.c). The four extrema mark the transitionwe consider several safety constrains: 1) the actuator pres-
from one gait phase to another: marker A is the maximunsure is limited to 206.8 kpa; 2) the control timings and
knee exion during mid stance, B the maximum knee ex-in ation/de ation durations are constrained by taking ref-
tension during terminal stance phase, C the maximum kneerence of those during participant's normative walking as
exion during mid swing phase, and D the maximum knee shown in Table 4, which are within realistic ranges (Zhang
extension adjacent to heel strike. These transition pointst al., 2020b). These physical constraints help prevent sig-
and their related characteristics are therefore considered faori cant misalignment between controller timing and the
inclusion in the state representation from the human walkrespective gait phase during human walking. Without these
ing pro le. Speci cally, the state variables include the peak constraints, it may trigger soft actuator deployment and
knee exion angle at point C as denoted by, the time  cause discomfort or injury to the user; and 3) the online
instanced, andtc of peak knee exion at the stance and training objective is set for the control timings to approach
swing phases, respectively, the duration of the stance phaskose during normative walking, and thus in a safe state.
(between point Aand point B)dened &k = tg ta, Details of the safety constraints and their physical repre-
and the duration of the swing phase (between point C andentations are in Appendix C. Additionally, we provide
pointD)de nedaddc = tp tc. Thus, we de ne the state a theoretical performance analysis of the online learning

variable as follows: process to ensure learning convergence, optimal timing so-
B T lution, and human-robot interaction dynamic stability under
s=[ta;dastc;dc; ] : (1) reasonable conditions and within these safety constraints

Unlike rigid exoskeletons where the torque is generated biAPPendix F).
electrical motors and can be directly used as a control pa- . . . .
rameter, for soft in atable actuators, the amount of assistive3-4- Of ine Human Normative Walking Policy

torque is determined by both human knee torque and the agye take a different perspective of not focusing on develop-
tuator pressure, the two collaborative sources. It is thereforﬁ1g another of ine method, but instead, focusing on how

not feasible to use torque directly as the control variable fog, improve data quality to make of ine imitation learning
the exosuit. Instead, only properly timed in ation and de a- ,ore effective in developing a good quality of ine policy.
tion of the exosuit will provide the necessary and optimaIBy doing so, we aim to demonstrate the generalizability
assistance to the human user (Figure 1.c). On the contrary, §,4 data ef ciency of our method by ONLY collecting of-
the exosuit is not properly operated, it may cause discomfort,o walking data from a SINGLE participant (participant
or even injury to the human user. Toward this end, the Rl_l) with N = 150. Detailed information about the of ine
contro]ler must determine the optimal timings to operate they,ta collection process can be found in Appendix E. Our im-
exosuit and these control parameters are: itation learning approach utilizes Behaviour Cloning (BC)
U= [ty dpto: do]™: ) (Torabi et aI:, 2018; Bairj &.ngr.nut, 1995; Daftry et al.,
2017) to derive an effective imitation policy based on data
wheret; is the onset timing of in ation of the exosuitto D = fs(k)j;k = 1;2;::;;Ng, obtained from normative
assist stance extension, the duration for which the air pregralking demonstrations under natural walking condition of
sure is maintained during this phasedis Similarly, t, a human participant, whei represents the total number
represents the onset timing of in ation of the exosuit to of gait cycles over which the state variable data is collected
assist swing exion, and the corresponding duration forfrom the MoCap system.
maintaining air pressure during this phase is giverdfy
As it takes time for the exosuit to in ate and de ate, it is
expected that an optimal RL controller should successfull
learn the optimal timings df;, andt,, which are expected
to be close to or ahead of the maximum exion timirtgs

A good of ine normative walking policy should serve the
following two purposes. First, it provides a reasonable ini-
Yial policy for online tuning tailored for individual users
while both of ine and online learning are subject to simi-
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lar environmental uncertainties such as sensor and actuatesalking policy (sx), which maps human state from IMU
noise. As such, this of ine policy helps online policy tuning sensors to control timings and durations of normative walk-
to be kept in a reasonable and meaningful range. Seconithg with the ground truth provided by MoCap, namely,
this of ine learned policy should capture key human loco-— = fia;da;tc;dcg 2 D. We use "action divergence”
motion characteristics even under intra- and inter-persoto measure of ine costy in BC learning,

variations (Zhang et al., 2020a; Ahn & Hogan, 2012) as 1

human locomotion (such as knee angle) exhibits similar G = 5( (s0) W (6)

patterns as shown in Figure (1.c). ) ) o
. Therefore the actor with policy parametel) fninimizes a
Improve data quality. Based on most recent results that sypervised loss as:

data-centric approaches have greater impact than algorithm-

centric approaches on the effectiveness of imitation learning L( )= 1 X ] 7
(Belkhale et al., 2024), we aim to improve data quality ()= N G )
and expect that to be especially effective in addressing our k=0
unique challenges associated with the human-robot systeihich is the distance between the RL policy and that used
under study. We therefore propose a reducing intra-persoifi human demonstration.

and inter-person variation (RIIV) method to improve mea-

sured data quality as it is likely to be the one and the mos8.5. Online, Personalized Soft Exosuit Control

effective an d ef cient approach. As a result, we ComparePersonalizing soft robot control for individuals face the fol-
our RIIV with a common benchmark approach that normal-

izes the raw measurements of state variables into the [-1,£ wing o.f ine to online 'earf“”g‘:ha”ef‘ges 1) Data OUt. of )
range istribution (OOD) due to inter- and intra-human variance;

2) Limited availability of human walking data; and 3) Hard-
Speci cally, for each gait cycle of length, let the origi- ware limitations including communication delays, sensor
nal measurements of each state variabls,@fs in Equa- noise, and signi cant delay in actuation. 4) Human accep-
tion (1), be denoted by. The following computations are tance of the physical device which is directly correlated with
performed component-wise for each of the state variablesuman trust in the device and comfort when walking under
(G =1;2:5). robot control. Our solution relies on a good data quality im-

1) The benchmark DIRECT method normalizes the raw SerFrovgment prpcedure and an ef .C|ent online reinforcement
. . earning algorithm, the dHDP which can sccessfully address
sor measurements)(of states into [-1,1] by the following

the above OOD problems as shown in Appendix G.

procedure,
The dHDP actor-critic learning has demonstrated online
min () learning convergence under limited data conditions empiri-
$= max( ) min() L (3) cally in several wearable robotics applications (Wen et al.,
2016a;b; 2017a; 2019). Additionally, dHDP with expeirence
2) The RIIV method. replay and target network has shown compatible perfor-

] ~mance to DDPG in many DMC robotic control problems
The rst step of RIIV reduces intra-person step length vari-wy et al., 2024). Along with nice theoretical properties
ations by converting gait timing from actual time into gait o gHpP (Sectoin 3.6) and practical successes in previous
percentage by normalizing over a gait cy€lethat is studies, we employ dHDP in our current study to learn the
exosuit control solution with 5-dim state space and 4-dim
=7 (4)  action space.
The second step reduces inter-person variation by transf
ring state variables into the range[ofl; 1],

e'l;he goal of online learning control of the soft exosuit is
to minimize the user's muscle effort by improving the ef-
fectiveness of the exosuit assistance. We thus consider two
inf( ) necessary performance metrics: gait normalcy thus safety
S=2 oy inf) L ®) constraint, and muscle effort. the online learning objective is

sup() inf()
therefore to minimize the overall cost over policyde ned
where the values of inf] and sup() are from established 3as follows:

studies of biomechanics literature (Zhang et al., 2020b), X
which is shown in Table 6 in Appendix C. Q (sk:uk) = E[ tKgjse: ul: ®)

Imitation policy. Once real time measurements for of- t=k

ine policy training are obtained during normative human where sy P(jSk 1;Uk 1), Uk =  (sk), & =
walking, BC is utilized to train an of ine imitation human c(si; ux) is the stage cost, and the discount faddox

5
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< 1. The stage cosl in the above is formulated to take ef cient learning without a simulator. As a result, we have
into consideration of two important performance measureshown promising rst steps in addressing key challenges
in online learning of personalized optimal policy to achieveof RL control for real life applications. Furthermore, our
robot-assisted normative walking with reduced energy exAlP as a data-centric, of ine to online approach reveals its
penditure. practical usefulness to address environment uncertainty due

. . . ._to variations in human, sensor and actuator noise and delay
First, we embed normative walking and safety constramtt . . . .

s . : . __that are unavoidable in real physical environmekfideos

as one of the important performance considerations : .
. X ) : of the experiments can be seen in supplemental les
in the performance index (Equation 10). Speci cally,

S=(s 3)2, where target stateis de ned in Appendix C, Performance Criteria. The results reported in this study
and is extracted from the of ine normative walking pro le were based on the following performance metrics: 1) The
using MoCap data as in Table 4. Additionally,is bounded stage cost as shown in Equation 10 to re ect online learning
within safety constraint provided in Table 5. It ensures thatperformance; 2) Peak knee error as a kinematic measure
the subject does not deviate signi cantly from the targetof normative walking and also to re ect walking safety;
thereby preventing potential falls or discomfort. Tdex- 3) EMG activity (Equation 9) which re ects human effort
ond consideration of reducing human energy expenditure isluring walking; 4) Time to convergence of RL online learn-
re ected by reduced muscle activity, which is measured peling (in uencing human physical fatigue); 5) "Action diver-

gait cycle, namely, the EMG effort is determined by gence” to measure of ine policy optimality as in Equation
(6). For all the metrics, better performance is associated
o 1 X ) with smaller/shorter outcomes.
=5 fe® (9 | | |
t=0 Questions AddressedQur real experimental results aim at

_ _ _ _ answering the following questions:
hichf (t) is the EMG sensor value at tinteof a gaitand 1) |s RIIV an effective method for improving IMU sensor
tT:O fg (t) simulates the integral of the EMG signal under data quality in our data-centered solution framework?
a complete gait cycle of lengfth. 2) Can of ine normative human walking policy be further

adapted and customized for individual participants via robot

the reduction of EMG effort and adherence to state erro%ﬂme learning to achieve optimal human-robot interaction?

tolerance and safety constraints, and it is consequently use Is human adaptation alone suf cient to improve perfor-

. . . . mance with reduced effort?
in formulating the total cost in Equation (8): :
g q ®) 4) Is there evidence that both human and robot co-adapted

e. (10) to achieve optimal interaction

5) To achieve optimal interaction between the human and
] ) ) ) the robot, what are essential control cost objectives to be
The dHDP is then used to provide online learning of acynsidered in RL design?
personalized optimal policy for individual users. Furthere) Is the method generalizable to other locomotion tasks
details about dHDP, its actor and critic network realizationsbeyond level-ground walking?

and its implementation can be found in Appendices E and
E. Q1: (Of ine Benchmark Study) Our RIIV method is

practically effective in capturing invariant normative

3.6. Qualitative Properties of the Learning Process and walking characteristics while directly accounting for sen-

Control Performance Associated with dHDP Online SO and actuator noise in real environments, thereby
Learning improving of ine policy optimality or action divergence.

From Figure 2 and Table 2, we can clearly see advantages
We provide a theoretical analysis to characterize propeef using RIIV procedure over the Direct method (Section
ties of the learning process and the control performance.4) to process raw IMU sensor data. 1) Firstly, RIIV results
speci cally those related to learning convergence, solutionn signi cantly lower training cost and faster convergence
optimality, and control system stability as a result of onlinethan the Direct Method. As illustrated in the four bar charts
dHDP learning initialized by an of ine policy obtained via in Figure 2, the RIIV method (green bar) reduces the action
imitation learning. Details are provided in Appendix F.  divergence effect more greatly than the Direct Method (or-

ange bar) does, indicating that RIIV more accurately aligns
4. Results and Analysis with true human walking characteristics. 2) Next, RIIV has

shown to be capable of accounting for signi cant uncertain-
This study of directly learning to control a physical device, ties inherent in physical sensing and actuation, as demon-
the robotic exosuit, to assist normative human walking aimsstrated by the green bar with its values closer to the ground
at exploring the feasibility of RL in achieving stable and

We thus have the stage cagt formulated by balancing

Ck = S+

6
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Figure 2.0f ine learning outcomes as evidence of the essential role of processing raw sensor measurements in AIP as a data-centric
method. (Left): Comparison of cost performance, Equation (7), using Direct and RIIV, the shaded regions represent the 95 % con dence
range of the ve random seeds. (Right 4 panels): The MoCap data is used as ground truth in the comparisons, where action divergence
(AD) as in Equation (6) was measured (the closer to 0 the better.): "blue” is AD between IMU sensed data and the truth; "orange” is AD
between Direct and Truth; and "green” is AD between RIIV and Truth.

Table 1.Performance of AIP method in terms of stage cost, peak knee error, and EMG effort.

\ Performance Evaluations\ Beginning of Online Training (Of ine IL policy) \ End of Online Training

Human Participant 1 2 3 4 5 1 2 3 4 5
Stage Cost 094 0.16 095 023 11 047 142 057 0.99 0.19| 043 0.06 0.49 0.12 0.37 0.06 0.35 0.08 0.49 0.09
Training Peak Knee Error N/A N/A N/A N/A N/A 0.39 0.05 0.23 0.04 0.16 0.14 0.37 0.27 0.22 0.07
Training EMG Effort N/A N/A N/A N/A N/A 054 0.03 059 0.13 043 0.09 057 0.14 0.65 0.09
Evaluation Peak Knee Errgr 0.48 0.09 0.33 0.06 0.28 0.05 04 0.2 112 015|041 0.02 0.23 0.04 0.18 0.18 0.38 0.07 0.56 0.12
Evaluation EMG Effort 0.66 001 096 03 055 009 08 027 092 0.17|0.52 0.05 0.32 0.02 042 007 0.38 0.02 041 0.07
| \ Baseline without Exosuit Assistance \ End of Online Training |
‘ EMG Effort ‘ 0.631 0.06 1.14 0.03 0.68 0.04 06 0.03 0.71 0.06 ‘ -14.4% -48.2% -36.8% -5% -8.5% ‘

Table 1, a signi cant intra-subject variance and inter-subject
ariance is apparent. At the initial online learning stage
gait cycle 1), the same of ine policy produced varying per-

formances across different participants. However, by the

Table 2. Statistic data of Figure 2. The MoCap Video data is used
as ground truth in the comparisons, where action divergence (AD
as in Equation (6) was measured (the closer to 0 the better.)

Action Divergence|  Sensor DIRECT Riv end of training, the cost consistently converged to similar
' 0.03 0.003 | 0.038 0.002] 002 0.002 | 565 of around 0.5, which indicates that online training has
da 0.004 0.01 | 0.259 0.015| 0.0003 0.007 . : - . : 2
t 00926 0031 021 0025 | 002 ooos | €ffectively customized the initial of ine policy for each indi-
dc 0.0963 002| 002 0009 | 0.02 001 vidual, allowing all participants to reach normative walking

patterns with at least a 20% reduction in EMG effort.

Q3: Human adaptation alone cannot suf ciently im-
truth, especially fota, tc, anddc, where there are notable prove human walking performance. To isolate the effect
discrepancies between raw sensor data and the ground trutf, co-adaptation, a feasible approach was to disable the
and also, a rather signi cant delay in the actuator due taobot's adaptation in order to observe human adaptation.
in ation/de ation time. This is implemented by freezing policy updates. The re-
sults are shown in Figure 7, where in row A (baseline),
participants walked naturally and showed their natural gait
pattern; in row C (after online training), the policy is already
optimized, so no further human adaptation is needed. In
both cases, we observe no sign of human adaptation. In
From Table 1, although the of ine policy enables walking, row B (using of ine-learned, and xed policy), this of ine
it does not achieve optimal performance in terms of costpolicy is not optimal and needs to be personalized. This
kinematic error, and EMG measures. As shown in Figurds where we speculate that the participants may realize the
3 and Table 1, while the of ine policy directly bene ts par- mismatch and attempt to adapt. But due to a lack of clear
ticipants 2 and 3 in terms of reduced EMG effort (below or consistent direction, the participants' responses did not
baseline shown by dashed line), it fails to do so for particexhibit any discernible pattern or trend. For example, P1
ipants 1, 4 and 5. Through online training, Performanceshows delayed timing i, , while others do not exhibit
metrics improve for reduced cost and kinematic error, andhis behavior. Similarly, P5 demonstrated a slightly earlier
most importantly, reduced EMG effort for all subjects. No-duration indc, which was not seen in other participants.
tice additionally that online training resulted in consistentin contrast, evidence of human-robot co-adaptation during
and robust assistance to human walking. From Figure 3 and

Q2: Online learning effectively adapted the initial of ine
policy to provide personalized control for individual par-
ticipants and enable robust performance in human-robot
normative walking.

7
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Figure 3. Results of online training for all ve participants where the shaded regions indicate the 95% con dence interval for the three
online trials. The dashed lines are respectively the baseline human walking EMG effort without exosuit assistance. Participant 1 provided
the of ine policy.

Figure 4. Timing and duration in state and control variables to demonstrate adaptation taking place during online learning. In the top
panel above the bar charts, the blue line segmetii jshe red igdc , the purple isl; and the green id,. The bar plots show the mean
differences in timing and duration between respective actual human walking measurements and those of the robot control. Speci aly,
ta=t: ta,da=di da,tc =t tc,anddc =d» dc.

online learning was clear, the bene t of which is shown in they weigh the importance of reducing effort during this less
the discussion Q4 below. effort demanding phase of walking. 5) The swing phase soft
actuator onset timintp, however, has adapted to be ahead
of the human actual start of swirtg. In ating actuators in

this phase is critical to reduce human effort of lifting the leg
1) Refer to Table 1, online training of robot control has ledand swing it forward. Note that the initial policy from of ine

to normative walking, as measured by the peak knee anglearning also resulted in an even earlier swing ohgedn
approaching that during normative walking (small peak kneeoutcome that may be caused by out-of-distribution effect as
error), and reduced EMG effort for all participants. This is there was no soft actuator deployment during of ine training.
a result of online co-adaptation between the human and th€onsequently, to accommodate soft actuator delays there
robot. To see that, we show next how robot control has takeinas to be an early onset, but cannot be too early so that the
effect by looking into measurable human walking states. 2¥yoft actuator is in the way of a normal knee swing exion
Let's examine the duration of human stance phaag énd  (reduce the peak knee angle error). Additional details about
swing phasedc ) of of ine policy and after online learning. addressing the OOD issue can be found at Appendix G.
Note that the respective duration has changed little (refer . . S
to the top row of Figure 4 above the bar charts with more Q5 (Ablation Study) Both safe regulation of joint kine-

details provided in (Figure 9), and Figure 8a & b). This is matics and' reduction of human EMG effort' are neces-
sary to achieve stable human-robot normative walking

because the participants walk naturally and thus maintaina/e performed an ablation study on the cost objective func-

their normative walking patterns. 3) In the meantime, note. . L
that the robot has reduced its stance duratii énd swing tion. Our proposed performance index, which incorporates
both EMG effort and kinematic error or state error, demon-

duration @) to accommodate soft actuator deployment ; . .
delays (refer to the top row of Figure 4 above the bar charts trates superior performance. By balancing the reduction
)f EMG effort and adherence to state error tolerance and

iza’\rlli)ét, il': \\;\;?igjgfghah di:g?ﬁ;:g?;fg;gi:t E}Te?g(ig safety constraints, the RL controller optimizes both aspects
' A of the user's walking behavior. Refer to Figure 3, this bal-

the bar plots in Figure 4 with more details shown in Figureanced approach leads to converaence. stability. and siani -
9 B). As the soft actuators are to provide leg support for pp 9 y Y, 9

stance. the human responses could vary depending on h %nt improvements in the user's mobility, as evidenced by
' P ydep g WBver stage cost, peak knee error, and decreased EMG effort.

Q4: Human and robot co-adapted to achieve normative
walking with reduced human EMG Effort
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Figure 5.Ablation study: Learning performance under different formulation of objective functions associated with ablation study 1)
Without EMG effort in the control objective function 2) Without kinematic term in the control objective function 3) Full version of
objective functionRow A: Results of online training for three different objective functioRew B: Results of robot controller timing for

three different objective functions. The shaded regions represent the 95 % con dence range of the three experiment trials. The x-axis is
the number of gaits. The black dash lines are the reference BASELINE from human normative walking pro les.

However, if only EMG effort or Kinematic error was used under active development, as they have been shown effec-
in Equation 10, not only the EMG did not reduce but alsotive to accelerate convergence and reduce user-speci ¢ data
it resulted in a signi cant learning variance. The absenceneeds. Additionally, our roadmap also includes extending
of state kinematic error in the cost function (Figur®b  the method beyond basic treadmill-simulated level-ground
ange ling resulted in failure to maintain normative walking walking to encompass more complex and realistic tasks and
patterns, which led to increased EMG levels and overalbcenarios, such as walking at variable speeds, incline and
less effective assistance . The absence of EMG effort in theecline walking, among others. Another impactful future
performance index (Figure Green line) leads to a lack research could expand this approach to consider a broader
of focus on reducing muscle activity. Consequently softand more diverse population, integrate complex locomotion
exosuit failed to provide the necessary support to reducpatterns, and explore long-term adaptation.

muscular strain, resulting in increased EMG levels .

Q6 AIP is generalizable to incline walking.As a rst step 6. Conclusion

of extension, we developed a new incline walking platformln this study, we introduce the AIP method to address the

to validate the feasibility of AIP in more complex locomo- challenaes of soft exosuit-assisted human walking by brida-
tion tasks. As shown in Figure 10, which are results from. 9 9oy 9

A . L . —.ing of ine and online learning, rather than developing yet
a 7-degree incline treadmill walking, increasing the incline : o .
o o . another RL method. By leveraging existing RL algorithms
signi cantly alters gait kinematics. However, as shown ; .
; ! . dHDP), AIP enables personalized assistance to reduce hu-
in Panel C, the AIP method remains robust, consistentl

reducing EMG effort below BASELINE levels across all an physical effort during normative Wa”"’?g- AIP Im-
participants proves data quality through the RIIV method, integrating of-

ine imitation learning with RIIV and online dHDP learning
o for data-ef cient, personalized assistance. Our framework,
5. Limitation and Future Work implemented and demonstrated in a physical environment,

Firstly, the AIP method has been tested for a single side coryereomes the challenge of optimizing human-robot inter-

o : . actionwithout a dedicated simulator or dynamic model
trol of one leg. Extending it to bilateral control introduces . - :
We validated our approach on ve participants without selec-

challenges in coordinating and synchronizing aSSIStancﬁvely presenting results, demonstrating a simple yet robust

across limbs. Multi-agent RL offers a promising direction to . .
. : S solution for safe robot control. The co-adaptation between
address this open question. Secondly, RLs reliance on extep-

sive data is a persistent limitation. Methods such as LNS uman and robot effectively mitigates actuator delays, re-

(Zhong et al., 2023a), ATD (Zhong et al., 2023b), and otherdu?Ing muscular effort and enhancmg human rc_)bot Synergy.
) . L . .~ This work paves the way for personalized robotic assistance
techniques such as transfer learning are promising directions o
In rehabilitation and performance enhancement.



