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Human-in-the-loop optimisation in robot-assisted gait training

Andreas Christou1, Andreas Sochopoulos1, Elliot Lister1 and Sethu Vijayakumar1

Abstract— Wearable robots offer a promising solution for
quantitatively monitoring gait and providing systematic, adap-
tive assistance to promote patient independence and improve
gait. However, due to significant interpersonal and intraper-
sonal variability in walking patterns, it is important to design
robot controllers that can adapt to the unique characteristics
of each individual. This paper investigates the potential of
human-in-the-loop optimisation (HILO) to deliver personalised
assistance in gait training. The Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) was employed to continuously
optimise an assist-as-needed controller of a lower-limb ex-
oskeleton. Six healthy individuals participated over a two-day
experiment. Our results suggest that while the CMA-ES appears
to converge to a unique set of stiffnesses for each individual,
no measurable impact on the subjects’ performance was ob-
served during the validation trials. These findings highlight the
impact of human-robot co-adaptation and human behaviour
variability, whose effect may be greater than potential benefits
of personalising rule-based assistive controllers. Our work
contributes to understanding the limitations of current person-
alisation approaches in exoskeleton-assisted gait rehabilitation
and identifies key challenges for effective implementation of
human-in-the-loop optimisation in this domain.

I. INTRODUCTION

Wearable robotic devices hold great promise in enhancing
the outcomes of physical therapy and reducing the physical
strain on healthcare professionals. However, the growing use
of robotic assistance introduces the risk of depersonalising
rehabilitation, potentially losing the tailored, highly effective
treatments typically provided by healthcare providers [1], [2].
To address this concern, there has been a shift toward the use
of collaborative robots designed to cater to the specific needs
of patients, offering personalised assistance.

In gait rehabilitation, several studies have emphasised
the importance of providing “assistance as needed”—partial
support that encourages the patient’s active participation [1],
[3]–[5]. Although various control strategies exist to achieve
this [6]–[10], it remains unclear whether there is a single
control strategy that is superior to other strategies or that is in
its form optimal for each individual. A prevailing issue with
current practices is that many existing controllers are tuned
based on the performance of a healthy participant, resulting
in generalised solutions that often fail to meet individual
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needs effectively. Given the significant variability in gait
among individuals, it is crucial to explore new methods for
adjusting control parameters in wearable devices to deliver
personalised and adaptive assistance.

Human-in-the-loop optimisation (HILO) is a dynamic
approach that integrates human feedback directly into the
control system of wearable devices allowing for real-time
adjustments and ensuring that the device adapts to the
user’s unique biomechanics and physiological responses.
This method leverages the cyclic nature of gait, where ad-
justments to robot controllers are made iteratively with each
gait cycle or number of gait cycles (Figure 1a). Based on this
continuous feedback loop, HILO tailors robotic controllers
to the needs of the user providing individualised assistance.

To date, HILO has been successful in adjusting the as-
sistance provided by wearable robots in order to reduce the
metabolic cost of gait [11]–[14], increase the self-selected
speed of walking [15], [16] in healthy subjects and reduce
joint loading in manual material handling activities [17].
Using mostly one-DOF robots, studies have focused on the
optimisation of parameterised assistive torque profiles for
mainly the hip joint and the ankle joint. However, the ef-
fectiveness of HILO for the personalisation of rehabilitation
controllers has not been studied. It is hypothesised here that
HILO could be used for the personalisation of the open
parameters of rehabilitation controllers in order to provide
assistance as needed.

So far, to carry out HILO, two main algorithms have
been used: the Covariance Matrix Adaptation Evolution
Strategy (CMA-ES) and Bayesian optimisation. Both meth-
ods, are sample-based derivative-free optimisation methods
that search for the global optimum within a constrained
space. However, their underlying assumptions differ which
will likely affect the efficacy of HILO, particularly when
applied to gait training where time-dependent gait variability
is expected to be higher.

In Bayesian optimisation, a surrogate model of a con-
tinuous function is constructed based on the sampled ob-
servations. Using Gaussian process regression, the posterior
probability distribution of the unknown function, f(x), is
iteratively updated, and is used to update the acquisition
function, a(x). The updated acquisition function is then used
to compute the next best sample point, xi, and this process
repeats. After N observations, this process terminates and
the point where the value of f(x) is highest (or lowest) is
obtained. To do this, a common acquisition function is the
expected improvement function, which balances exploration
and exploitation. Using the expected improvement acquisition
function the next best sample point is computed as the point



Fig. 1: HILO pipeline using the CMA-ES to personalise the open parameters of an impedance controller to provide assistance
as needed.

with the highest expected quality and the highest posterior
standard deviation, based on the assumption that f(x) (given
observations y1:n at points x1:n) is normally distributed [18].
This implementation assumes noise-free evaluations and a
constant function f . However, when it comes to HILO, where
f represents the response of humans to an external force,
some of these assumptions may be violated. It is important
when using Bayesian optimisation to incorporate methods for
updating the acquisition function based on realistic values for
expected noise, and account for time-dependent changes in
human behaviour due to fatigue, concentration and/or motor
learning, which are often hard to model and predict.

In CMA-ES a stochastic search for the global optimum
of an unknown function, f , is pursued iteratively through
a series of generations, g. On every generation, a total
of λ samples, {xg

k|k ∈ N, 1 ≤ k ≤ λ}, are generated
by sampling a multivariate normal distribution with mean,
mg , and covariance, Cg , and are evaluated. Based on
the observations, the new mean of the search distribution,
mg+1 ∈ Rn, the new covariance matrix, Cg+1 ∈ Rn×n, and
the new step size, σg+1 ∈ R>0, are updated, where n is
the dimension of the search space. A step of size, σ, in a
direction dictated by the sampled observations is performed,
a new sample population is generated around the new mean
and this process is repeated for G generations. This process
does not assume that the unknown function, f , is constant
and does not prevent resampling of the same points. This
allows time-dependent changes in function f to be captured
and noise in the sampled observations to be accounted for.

In this work, we propose the personalisation of a lower-
limb assist-as-needed controller using HILO and the CMA-
ES. Through an experimental study, we observe the ability
of HILO to adjust the open parameters of a gait training
controller in order to help the users accurately follow a

predefined kinematic path with minimal assistance. A contin-
uous optimisation protocol is followed over a multi-day trial
as described in [13]. The results obtained from six healthy
subjects are presented and discussed.

II. HILO AND ASSISTANCE AS NEEDED

Here we optimise the stiffness of an impedance controller
using HILO in order to provide assistance as needed. Follow-
ing the principles of path control [10], a reference kinematic
path, Qref ∈ Ri×2, is prescribed1 (where i is the number
of points in the discretised domain of the reference path),
a dead band, rdb, is defined around the reference path and
an impedance controller is used to ensure that the user’s
trajectory, qact ∈ R2, stays close to the reference (Figure
2). Iteratively, the stiffness of the hip and the knee joints of
the two legs is then adjusted and a measure of the objective
function value is obtained. With the aim to provide assistance
as needed, the objective function is defined as:

min
K

w1

J1

∑N−1
i=1 (uT

riuri)

N − 1
+

w2

J2

∑N
i=1(∆qT

i ∆qi)

N

+
w3

J3

4∑
j=1

Kj , (1)

where the first cost aims to minimise the effort of the
robot, the second aims to minimise the tracking error of
the participant, and the third aims to prioritise solutions
with a lower exoskeleton stiffness. The control effort cost
aims to tune the assistive controller so that the exoskeleton
intervenes as little as possible to the human movement, and
is conflicting with the tracking cost, which aims to align
human gait with the desired gait pattern. The stiffness cost

1This reference path is used as a means of verifying the proposed HILO.
It is not implied that this path is ideal for all participants.



acts as a regulariser, restricting the choice of unnecessarily
large stiffness values that can lead to user discomfort.

The decision variables, K ∈ R4, of the optimisation prob-
lem denote the stiffness for the hip and the knee joints, ur

is the exoskeleton assistance, ∆q is the kinematic tracking
error, and N is the number of time steps recorded in one
observation. w is the vector of normalised weights for the
three costs, and J is a vector of scaling factors. The scaling
factors are used to normalise the cost terms to the maximum
exoskeleton assistance (umax = 40Nm), the maximum
expected trajectory error (∆qmax = 2°), and the maximum
expected stiffness (Kmax = 400Nm/rad), respectively, such
that the magnitude of the costs is comparable. Similarly, N is
used to normalise the costs to the length of the recorded time
steps and w is used to adjust the relative importance of the
normalised costs. For this study, the weights in the objective
function were heuristically defined to prioritise tracking
performance and keep the contribution of the third cost
(which favours solutions with low stiffness) to approximately
10% of the objective function value (w = [3, 1, 0.1]).

Based on path control, the kinematic tracking error, ∆q,
and the exoskeleton assistance, ur, are defined as:

∆q̃ = qref − qact, (2)

∆q(j) =


0, |∆q̃(j)| ≤ rdb,

∆q̃(j) − rdb, ∆q̃(j) > rdb,

∆q̃(j) + rdb, ∆q̃(j) < −rdb,

(3)

ur = K∆q+B∆q̇, (4)

B = ccr
√
K, (5)

where qref ∈ R2 is the reference point that is dynamically
defined as the point on the reference path that is geometri-
cally closest to the pose of the human, and B and ccr are
the matrix of joint damping and the matrix of the critical
damping coefficients of the exoskeleton, respectively.

Fig. 2: Illustration of the reference kinematic path, Qref,
surrounded by a dead band and the mapping of the kinematic
configuration of the model, qact, to the reference point, qref,
on the reference path.

III. METHODOLOGY

To speed up the convergence of the optimisation through
an efficient sampling method, the CMA-ES is used as
described in [19]. The mean value of the search distribution

at the first generation is defined, m0, and λ sample points,
{x1

k|k ∈ N, 1 ≤ k ≤ λ} are generated based on a multivari-
ate normal distribution with zero mean and unit variance,
C0 = I . The performance of the subjects at the generated
sample points is calculated using equation 1 and the value of
the mean point is updated based on a number of the sampled
points, {µ|µ < λ}, which are weighted according to the
subject’s performance. This can be expressed as [19]:

xg+1
k ∼mg + σgN (0,Cg) for k = 1, 2, ..., λ, (6)

mg+1 = mg + cmσg

µ∑
i=1

wi(x
g+1
i:λ −mg), (7)

where the symbol ∼ denotes the same distribution on the
left and right side, σ is the step size, cm is the learning rate
for the mean and xg+1

i:λ is the i-th best sample out of all
samples, xg+1

k , with the index i : λ denoting the index of
the i-th ranked sample such that f(xg+1

1:λ ) ≤ f(xg+1
2:λ ) ≤ ... ≤

f(xg+1
λ:λ ), where f is the objective function to be minimised.

On every generation, an update of the covariance matrix,
Cg , and the step size, σg , is carried out. The covariance
matrix is updated such that it retains information from
both the entire population, and the correlations between
generations. To do this, the cumulative evolution path, pg+1

c ,
is utilised, which is the sequence of steps CMA-ES takes over
a number of generations. This is expressed as [19]:

Cg+1 = (1 + c1δ(hσ)− c1 − cµ)C
g + c1p

g+1
c pg+1

c
T

+cµ

µ∑
i=1

wiy
g+1
i:λ yg+1

i:λ

T
,

(8)

pg+1
c = (1− cc)p

g
c + hσ

√
cc(2− cc)µeff

µ∑
i=1

wiy
g+1
i:λ ,

(9)

yg+1
i:λ = (xg+1

i:λ −mg)/σg, (10)

where c1, cµ and cc are the learning rates for the rank-one
and rank-µ updates of the covariance matrix and the cumula-
tive evolution path, respectively, µeff is the effective sample
size of the selected samples defined as µeff = 1/

∑µ
i=1 w

2
i ,

δ(hσ) is defined as δ(hσ) = (1 − hσ)cc(2 − cc) ≤ 1,
and hσ is a Heaviside function that stalls the update of
the cumulative evolution path depending on the size of
the conjugate evolution path. The conjugate evolution path,
pg
σ , is independent of the direction of the successive steps

performed, and is used to update the step size. The function,
hσ , and the conjugate evolution path are defined as [19]:

hσ =

1, if ||pg+1
σ ||√

1−(1−c
2(g+1)
σ )

< (1.4 + 2
n+1 )E||N (0, I)||,

0, otherwise,
(11)

E||N (0, I)|| ≈
√
n(1− 1

4n
+

1

21n2
), (12)

pg+1
σ = (1− cσ)p

g
σ +

√
cσ(2− cσ)µeffC

g− 1
2

µ∑
i=1

wiy
g+1
i:λ ,

(13)



Fig. 3: (a) Healthy participant walking on a self-paced treadmill with real-time visual feedback and assistance from the
exoskeleton, Exo-H3. (b) Experimental protocol for HILO following a continuous optimisation protocol over multiple days.

where cσ is the learning rate for the conjugate evolution path.
Using the conjugate evolution path, the step size of

the next generation is adjusted. This is to ensure a faster
convergence and either increase the step size if the steps
recorded are pointing in the same direction or decrease the
step size if the steps recorded are not converging and move in
opposite directions. This is achieved by comparing the length
of the conjugate evolution path, pg+1

σ , with its expected
length, E||N (0, I)||. The adaptation of the step size can be
expressed as [19]:

σg+1 = σg exp (
cσ
dσ

(
||pg+1

σ ||
E||N (0, I)||

− 1)), (14)

where dσ is a damping parameter.
The implementation of CMA-ES used for this study is

summarised in Algorithm 1.

IV. EXPERIMENTAL VALIDATION

A. Subjects

The effectiveness of the HILO was tested on six healthy
subjects (age = 30±4.6, weight = 73.4±10.5kg, 2 females).
All participants were first-time users of a wearable robot.
The experiment pipeline was approved by the University
of Edinburgh, School of Informatics Ethics Committee (ID
2021/46920) and the participants provided written consent.

B. Hardware

The instrumented treadmill M-Gait (Motek Medical,
Netherlands) was used to enable self-paced gait during the
experiment and the exoskeleton Exo-H3 (Technaid, Spain)
was used to provide assistance during gait (an upgrade of the

Algorithm 1: Pseudocode for CMA Evolution Strat-
egy

Input: 0 < w < 1
C← I, pc ← 0, pσ ← 0, g ← 0, m← 1

2Kmax

while g < G do
xg ← sample population(m, σ,C)
f(xg)← evaluate population(HIL experiments)
xg
i:λ ← sort population(xg, f(xg))

mg+1 ← update mean(mg,w,xg
i:λ, σ)

pg+1
σ ← update conj path(pg

σ,C,mg,w,xg
i:λ, σ)

σg+1 ← update step size(σg,pg+1
σ )

pg+1
c ← update cum path(pg

c ,m
g,w,xg

i:λ, σ)
Cg+1 ← update C(Cg,pg+1

c ,mg,w,xg
i:λ, σ)

S← {S; [xg, f(xg)]}
g ← g + 1

x∗ ← S such that f(x)∗ = minS

version Exo-H2 presented in [20]). The exoskeleton’s joint
position sensors were used to record the joint angles of the
legs and provide real-time visual feedback to the user (Fig.
3a). Simulink Desktop Real Time was used for the real-time
control of the exoskeleton at 100 Hz.

C. Experimental Setup

The experiments involved assisted gait training at different
levels of exoskeleton stiffness. The participants were fitted
with the exoskeleton and were asked to walk on the treadmill
at their preferred speed in order to track the reference path as
accurately as possible. The recorded kinematics of a healthy



Fig. 4: Adaptation of covariance matrix and the CMA-ES generation mean, indicate from G1-G11, for all generations and
all subjects. Yellow arrows show the CMA-ES step size and direction, and map out the progression of the generation mean.

subject were used as the reference path, and the path was
adjusted to a path of a less pronounce loading response.
Adjustments to the reference path were also made to increase
comfort for each subject.

Prior to optimisation, a training period was included to
familiarise the subjects with the task and the visual feedback.
At all times, real-time visual feedback was provided to
allow the participants to compare their kinematics to the
reference, and inform them about the remaining duration of
the experiment and their performance. During optimisation,
a new exoskeleton stiffness was tested every minute and the
performance of the subjects was measured as described by
equation 1. To reduce bias from the changing exoskeleton
stiffness, the first 15 seconds of each trial were discarded.
One generation of the CMA-ES included 7 sample points,
making up a 7-minute bout. After each 7-minute bout, a 5-
minute break was allowed to reduce bias from fatigue. A total
of 5 generations were performed per day, resulting in a total
of 10 generations, or 70 sampled points, over the two-day
experiment. At the end of each day three rounds of 3-minute
validation trials were carried out in a randomised order to
evaluate the effectiveness of the HILO. These included a trial
with no assistance, a trial with the baseline stiffness (defined
as K0 = 200Nm/rad), a trial with the best identified stiffness,
and a trial with the last mean stiffness obtained from the

last CMA-ES generation (Figure 3b). Lastly, a trial with no
assistance was carried out.

To reduce the risk of overwhelming the participants with
sensory information, subjects were asked to carry out the
experiment on only one of the two legs (while the other
leg was controlled with a constant low stiffness K = 50
Nm/rad). The convergence of the HILO and its effect on the
performance of the participants are observed and discussed.

D. Analysis

Statistical analysis was carried out using two-way
repeated-measures ANOVA with controller type (baseline,
optimised, and last mean) and time (day 1 and day 2) as
within-subject factors. Additionally, a one-way repeated mea-
sures ANOVA was performed to analyse differences between
controller types regardless of time. Shapiro-Wilk’s test of
normality was applied to model residuals, and Mauchly’s
test was conducted to evaluate sphericity. If the sphericity
assumption was violated, epsilon corrections were applied.
Following the ANOVA, post-hoc pairwise comparisons were
performed using MATLAB’s multcompare function with
Bonferroni correction to account for multiple comparisons.

V. RESULTS

Figure 4 shows the adaptation of the CMA-ES for all
subjects. A continuous adaptation of the CMA-ES can be



TABLE I: Hyperparameter values for the controller and
optimisation algorithm.

Controller Hyperparameters

Max Exoskeleton assistance umax 40Nm
Max expected stiffness Kmax 400Nm/rad
Max trajectory error ∆qmax 2
Baseline stiffness K0 200Nm/rad
Critical damping cr 10
Effort cost weight w1 3
Tracking cost weight w2 1
Stiffness cost weight w3 0.1

CMA-ES Hyperparameters

Sample points λ 7
Step size σ0 150
LR - mean cm 1
LR - rank-one covariance c1 0.15
LR - rank-µ covariance cµ 0.058
LR - rank-σ covariance cσ 0.62

seen. In most cases this led to an assistive controller which
included a higher stiffness at the knee joint compared to both
the hip joint and the baseline stiffness. This suggests that
despite the variability in gait between and within individuals,
for the majority of the 2-day trial the participants were able to
follow the reference path more accurately when the stiffness
of the knee joint was higher than the baseline stiffness and
the hip stiffness. It can also be seen that some participants
were more consistent with their performance than others.
This is revealed by the direction in which the mean points
of the CMA-ES progress. For example, the progression of
the generated mean points for subjects S1, S2, S4 and S5
appears to be smoother and more gradual, than subjects S3
and S6. This also led to a gradually decreasing covariance
which is less evident in the results obtained for subjects S3
and S6.

In Figures 5-6 the results from the validation trials are
presented. It can be seen that the performance of the subjects
has significantly improved from day 1 to day 2 with all
controllers (Figure 5). However, no significant differences
were observed between groups when the performance of the
subjects was compared when using the baseline stiffness, the
optimised stiffness or the stiffness at the last mean point of
the CMA-ES (Figure 6). High performance variability was
observed both between and within subjects, which may have
detracted from the benefits due to the adjusted controller
stiffness.

VI. DISCUSSION

Here, an implementation of HILO is proposed for the
personalisation of robot-assisted gait training. For this pur-
pose the CMA-ES is used and a continuous optimisation
experimental protocol is suggested to allow enough time for
the optimiser to converge over multiple days. This aligns
with the needs of gait training, where gait trials may need
to be interrupted for rest and safety. To the best of our
knowledge, this is the first time HILO has been tested for the
personalisation of assistive controllers in gait rehabilitation
and for robots with multiple DOFs. It is hypothesised that

Fig. 5: Results from validation trials with the baseline stiff-
ness, Kbase, the optimised stiffness, Kopt, and the last mean
stiffness, KG11, for day 1 and day 2 separately. Error bars
show the standard deviation of cost (*P<0.05, **P<0.01).

Fig. 6: Results from validations trials with the baseline
stiffness, Kbase, the optimised stiffness, Kopt, and the last
mean stiffness, KG11, for day 1 and day 2 combined. Error
bars show the standard deviation of cost.

with the human in the loop, the robot controller can be
iteratively optimised based on the user’s performance in
order to provide assistance as needed. This could in turn
allow ambulatory patients to benefit from robot-assisted gait
training in order to increase independence and gait efficiency.

Results from six healthy subjects are obtained indicat-
ing that the CMA-ES can adapt the stiffness of the robot
controller based on the performance of the subjects to per-
sonalise gait training. However, conclusive results regarding
the effectiveness of HILO in providing assistance as needed
could not be obtained. One major challenge in HILO, and
in the personalisation of closed-loop robotic controllers, is
intrapersonal variability. Variability within individuals may
be both time-dependent and random, which poses a signifi-
cant challenge in the design of personalised interventions.
For an adaptive control algorithm to prove effective, the



time-dependent changes in human behaviour need to be
captured and the benefits of adaptation need to outweigh
any effects of unpredicted behaviour variability. This appears
to be especially hard when the adaptation of rule-based
controllers is considered, since such controllers are expected
to be effective within a range of control parameters.

A key factor contributing to this variability is the dynamic
interaction between human and robot, where both systems
continuously adapt to each other. On the one hand, adjust-
ments to the stiffness of the robot are carried out to provide
support to the human in an optimal way, but on the other
hand, the human behaviour concurrently changes to utilise
this stiffness perhaps for a different subject-specific objective
(e.g. comfort or metabolic efficiency). This co-adaptation,
influenced by factors such as fatigue, comfort, motor learn-
ing, and concentration, introduces additional complexity and
bias into the optimisation process that may outweigh the
intended benefits of robot adaptation. In healthy individuals,
this voluntary adaptation is likely more pronounced, as they
have greater control over their lower limbs and can actively
respond to changes in assistance. Conversely, neurological
patients with impaired motor function may exhibit less vol-
untary adaptation, potentially reducing optimisation bias due
to co-adaptation. However, this advantage is counterbalanced
by other challenges. Neurological patients are more prone
to fatigue, unintentional motor commands, and increased
variability in movement patterns, all of which can introduce
noise into the optimisation process and hinder convergence.

VII. CONCLUSION

Our work contributes to understanding the limitations of
current personalisation approaches in robot-assisted gait re-
habilitation and identifies key challenges for effective imple-
mentation of human-in-the-loop optimisation in this domain.
Our results from six individuals suggest that while the CMA-
ES can continuously adapt the stiffness parameters over time,
the impact of these adaptations on performance may be
masked by the high degree of human variability and co-
adaptation. Future studies can focus on refining optimisation
protocols to better account for human behavioural variability
in order to improve the effectiveness of HILO. This may
include more noise-resilient algorithms or hybrid approaches
that combine HILO with therapist input or model-based con-
straints which may be able to more accurately account for the
human-robot co-adaptation. Tailoring experimental protocols
to patient-specific needs, whether by adjusting trial durations,
refining performance metrics, or mitigating fatigue-related
biases could also prove beneficial. Moreover, identifying
combinations of rehabilitation tasks and assistive controllers
where personalisation is likely to yield substantial gains is
critical, particularly in cases where controller performance
is highly sensitive to parameter selection, as opposed to
strategies that are inherently more robust across a wider
range of parameters. Finally, investigating HILO in clinical
populations, such as individuals post-stroke where voluntary
adaptation is more constrained, could offer clearer insight
into its practical benefits and play a key role in realising the

full potential of personalisation to improve clinical outcomes
and accelerate recovery in robot-assisted rehabilitation.
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