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Abstract— The Velocity Flow Field (VFF) lower-limb ex-
oskeleton controller is widely applicable for gait rehabilitation
because it provides the user with considerable agency over their
gait; however, previous studies reported the feeling of “walking
through water”, and resistance to the user’s efforts. In this
work, a mathematical explanation for the viscous damping
behaviour when users deviate from the reference trajectory,
is presented. The controller was corrected and an adaptation
law is proposed that synchronizes the speed gain with the user’s
current walking speed by minimizing the average mechanical
work transferred between the user and the exoskeleton per step.
Experiments comparing a fixed and adaptive controller with 12
participants walking at 0.4± 0.1 body length/s on a treadmill
showed that the adaptive controller tracks changes in walking
speed, while reducing the energy absorbed by 0.589±0.126 J

step
compared to the fixed controller at the fastest walking speed.
Analysis of changes in muscle effort and interaction torques
with a human-exoskeleton interaction portrait showed that
for most participants, the adaptive controller at medium and
fast speeds substantially reduced user-controller disagreement
and increased user agency over the walking motion. These
positive results suggest that optimizing the energy supplied
per step can serve as an effective coordination mechanism,
enabling personalized and real-time adjustments of walking
speed between the user and the exoskeleton.

I. INTRODUCTION

Lower-limb robotic exoskeletons provide high-dose gait
training and support daily activities for individuals with
motor impairments, promoting motor learning and adaptation
[1], [2]. They are particularly effective in individuals with
residual voluntary motor function, such as after a stroke or
incomplete spinal cord injury. Their success, however, relies
on well-coordinated human–robot interaction, since active
user engagement is essential to stimulate the neuromuscular
system and drive recovery. To achieve this, various control
strategies have been developed that range from intuitive
assistance control to facilitate user adaptation, to advanced
methods that minimize user-robot conflict, foster coordinated
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behaviours, or adapt assistance to the user’s intended move-
ment. Feedforward assistive controllers are a simple way to
provide repeatable baseline assistance that supports the user
in achieving the desired task. The actions of the exoskeleton
can be triggered by gait cycle events, neuromuscular signals,
or temporal synchronization signals [3]–[5]; however, they
may fail to promote user engagement as they do not account
for user’s contribution to locomotion.

To promote user engagement and achieve natural syn-
chronization, impedance-based control strategies allow the
exoskeleton to intervene only when the user deviates con-
siderably from a desired trajectory and otherwise remains
passive, through virtual mechanical impedance, channels,
and static force fields [3], [4]. This control approach is
often referred to as the assist-as-needed paradigm. This is
achieved through various techniques such as dead-zones [6],
variable impedance control [7], optimal control within de-
sired dynamical and kinematic constraints (i.e. control barrier
functions) [8], and static force fields [9]. The effectiveness of
these designs relies on the successful coordination between
the intended movements of the user and the exoskeleton,
which is negotiated through the sensory and actuation mech-
anisms of both agents. Coordination of the exoskeleton with
the user requires the exoskeleton to alter its behaviour and
adjust to the abilities and unique tendencies of the user.

The Velocity Flow Field (VFF) controller is an assist-
as-needed controller that uses velocity fields in the hip-
knee joint space that coerce the user towards and along a
desired trajectory [9], [10]. Its simple but intuitive velocity-
based control law has been shown to be more forgiving
to error compared to energy-based path controllers and
provides users with substantive agency over their gait [10];
however, studies have shown that poorly tuned parameters
can lead to a decreased range of motion and viscous damping
behaviour that feels like “walking through water” [11], which
is confirmed in this study by showing that the control law
resembles viscous damping under specific circumstances.

This study shows that the VFF control law can be decom-
posed into corrective and assistive components, resulting in
two novel contributions: 1) an explanation and correction
for the viscous damping effect that can suppress user’s
contribution, and 2) an auto-tuning method for a modified
VFF controller that dynamically synchronizes assistance with
the user’s speed and effort across walking speeds.
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Fig. 1. The original control law torque (yellow) comprises a corrective
(pink) and viscous damping term (red) when the current joint configuration
is far from the desired path, in this case resisting knee flexion and hip
extension of the swing leg.

II. BACKGROUND

A. Analysis of the VFF Control Law

The VFF control law defines a time-invariant velocity field
in the hip-knee joint space that flows towards a predefined
reference path, corresponding to the typical hip and knee
flexion trajectories during the swing phase of a gait cycle
[9]. The flow control torque law in [9] is defined as

τ = Cd(ωref − ω) (1)

where τ ∈ R2 is the vector of motor torques at the hip and
knee joint, Cd = 0.016 Nms

deg is the gain of the control law
described as analogous to the drag coefficient of the velocity
field in [9], ω = q̇ ∈ R2 is the vector of hip and knee flexion
angular speeds. The reference velocity, ωref = Γν ∈ R2, is
a unit vector, ν ∈ S1, scaled by the nominal path speed,
Γ ∈ R+.

ν =
∥e∥2√
∥e∥4 + k2sh

n+
ksh√

∥e∥4 + k2sh
t (2a)

= σ(e)n+ σ̄(e)t (2b)

where e = qref − q ∈ R2 is the path error, which is
the vector between the current hip-knee joint configuration,
q ∈ R2, and the nearest joint configuration on the reference
path, qref ∈ R2, n ∈ S1 is the unit vector in the direction
of the error, and t ∈ S1 is the unit vector tangent to the
reference path at the nearest reference joint configuration, in
the direction of motion during a typical gait cycle. The shape
parameter, ksh = 16 is defined in [9].

For notational convenience, the scaling factors, σ(e) ∈
[0, 1) and σ̄(e) ∈ (0, 1] are defined such that ∥ν∥ =√

σ2(e) + σ̄2(e) = 1. The normal and tangential compo-
nents of the reference velocity are inversely coupled by this
constraint so that when ∥e∥ ≥

√
ksh, with equality marking

the crossover point, the normal (corrective) component starts
dominating.

Substituting Eq.(2) into Eq.(1) and rearranging gives

τ = CdΓσ(e)n︸ ︷︷ ︸
τc

+Cd(Γσ̄(e)t− ω)︸ ︷︷ ︸
τa

(3)

The control law can be decomposed into two interpretable
components. The corrective torque, τ c ∈ R2, is entirely
dependent on the path error, bounded in magnitude between
[0, CdΓ), and redirects the user’s joint configuration towards
the reference path. The assistive torque, τ a ∈ R2 regulates
the joint velocity to flow tangent to the path. In extreme
cases, large error causes ν ≃ n, meaning that the control is
dominated by corrective torques and the objective is to bring
the user closer to the reference path. On the other hand, a
small error causes the assistive torques to dominate (ν = t),
and the control objective is to regulate the current joint
velocities to the nominal path velocity, q̇ref = Γt ∈ R2,
in the tangential direction.

A problem in the original control law, evident from the
expression for τ a, is that with large errors, τ a ≃ −Cdω
behaves like a viscous damper. Consequently, if the reference
trajectory is poorly tuned for the user, the controller consis-
tently resists the user’s movements, producing a feeling of
“walking through water”.

B. User-Controller Agreement and Energy Transfer

The power supplied by the exoskeleton can be formulated
by P = τTω ∈ R. If the motor torque and joint speed
are of the same sign, the exoskeleton supplies power to
the system; if they have opposite signs, it absorbs power
from the system. Thus, the sign of power indicates whether
the exoskeleton supports or opposes the motion. The work
done by the exoskeleton (i.e., the total mechanical work
exchanged), during each step, is the time integral of power:

Estep =

∫
Tstep

(τTω)dt (4)

and is one of the indicators of the overall user-exoskeleton
coordination [12], [13]. If the exoskeleton is constantly
absorbing energy from the user, then, on average, the me-
chanical work is negative, and the exoskeleton is opposing
motion more than it encourages. In [11], large negative
energy values caused crouch walking and shuffling. On the
other hand, overly positive values were associated with a
perception of jittery, unpredictable motion, and large pushes
from the exoskeleton. Thus, ideally, the exoskeleton power
contribution should not be negative or highly positive.

C. User-Controller Interaction Portraits

A recent study proposed a novel visual evaluation frame-
work, called interaction portrait (IP), to qualitatively assess
the effect of controllers on user–exoskeleton interaction [14].
IP represents the change in muscular effort and interaction
torques between two controllers as a two-dimensional vari-
able. An increase in both muscular effort and interaction
torques (first quadrant, Q1) indicates greater disagreement,
whereas a decrease in both (third quadrant, Q3) reflects
a reduced disagreement. On the other hand, a decrease
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in interaction torques with increased muscle effort (second
quadrant, Q2) attributes to the user taking control over the
exoskeleton, while an increase in interaction torques with
decreased muscle effort (fourth quadrant, Q4) shows the user
yields control to the exoskeleton.

III. METHODS

In this section, modifications to the original VFF con-
troller, along with a novel adaptive algorithm that uses
energy transfer to autonomously tune the nominal path speed
(Γ) of the controller are shown. The experimental protocol
conducted to compare fixed and adaptive versions of the
controllers is then shown.

A. Modified VFF Control Law

Three modifications were made to the assistive component
of the original control law in Eq.(3).

First, given the separate roles of the corrective and as-
sistive torques and the different roles that Γ plays in each
component, distinct parameters Γc and Γa were assigned
for the corrective and assistive components, respectively.
In accordance with the assist-as-needed paradigm, Γc =
266 ◦/s was set to a constant value, corresponding to the
average path speed observed from a representative participant
walking at medium speed (0.4 BL/s), which is the proposed
value in [11], to assert that the desired kinematic pattern is
always pursued.

In the assistive torques, Γa is the desired speed along
the reference path under ideal zero-error conditions; thus,
the parameter was augmented to vary along the path so
that the reference joint velocities match the kinematic tra-
jectories during normal, unassisted walking, which indeed
vary significantly over the gait cycle [11]. The nominal path
velocity was replaced with q̇ref (θ) : [0, 1) → R2, a fixed,
parametric function of the normalized step time, θ ∈ [0, 1),
fit to the typical joint velocities during unassisted walking
at 0.4 BL/s with least squares regression. A scaling factor,
γa ∈ R+, then modulates the nominal joint velocities to
control the desired gait speed. This is equivalently interpreted
as using a phase-varying Γa = γa∥q̇ref (θ)∥ since the tangent
direction can be expressed as t =

q̇ref

∥q̇ref∥ [11].
The next modification aimed to resolve the viscous damp-

ing behaviour that emerges when the path error is large as
shown in Fig.1. The user’s current joint velocity, ω was
decomposed into normal and tangential components, ωn =
projn(ω), ωt = projt(ω) ∈ R2. The damping behavior
was mitigated by gating the tangential component of the
user’s current angular velocity by σ̄(e). Consequently, in
high error cases, no damping occurs along the path due to
the −Cdωt term, and in low error cases, the speed along
the path is regulated so that ω converges to γaq̇ref . For
notational convenience, let ωσ̄ = ωn + σ̄(e)ωt ∈ R2 be the
tangentially gated joint velocities. The normal component
was not modified to avoid any unwanted oscillations around
the reference trajectory and preserve the stability behaviour
of the original controller.

Lastly, the estimated Coriolis and gravitational torques of
the exoskeleton (derived through the Euler-Lagrange equa-
tion), He = ĥe(q, q̇), were added to compensate for its
inertia. Thus, the modified controller was given by:

τ = Cd [Γcσ(e)n− ωn]︸ ︷︷ ︸
τc

+Cdσ̄(e) [γaq̇ref − ωt]︸ ︷︷ ︸
τa

+He (5)

Note that the terms corrective and assistive are only used to
distinguish the components of the exoskeleton torques, but
both of them contribute to supporting the user.

B. Adaptive Nominal Path Speed Tuning

When the path error is small, which is asserted by the
corrective torques, then σ̄(e) ≃ 1, and the sign of the
assistive torque in Eq.(5) depends on the signs of the hip
and knee elements of γaq̇ref−ω. Consequentially, assistance
is applied and power is supplied if the reference velocity is
higher than the user’s, whereas resistance is given and power
is absorbed if the reference velocity is lower than the user’s.
This principle is used to automatically select the minimal
level of assistance through an autonomous adaptation law
that selects γa. Notably, only assistive energy is optimized
to prevent resistance or over-assistance, while the corrective
action is preserved.

The power transferred by the exoskeleton is,

P = [CdΓcσ(e)n+ Cd(γaσ̄(e)q̇ref − ωσ̄)]
T
ω (6)

The distributive property of the dot product allows us
to decompose the power into the corrective and assistive
components.

Pc = CdΓcσ(e)n
Tω (7a)

Pa = Cdγaσ̄(e)q̇
T
refω − Cdω

T
σ̄ω (7b)

The power supplied by the exoskeleton due to the assistive
torque is affine with respect to γa; thus, the energy supplied
by the exoskeleton is as well.

Ea = γa

∫
Tstep

[
Cdσ̄(e)q̇

T
refω

]
dt−

∫
Tstep

[
Cdω

T
σ̄ω

]
dt

(8)
For notational simplicity, the scale and bias terms in Eq.(8)

are defined as

a =

∫
Tstep

[
Cdσ̄(e)q̇

T
refω

]
dt (9a)

b = −
∫
Tstep

[
Cdω

T
σ̄ω

]
dt (9b)

The adaptation objective is to choose γa so that the
assistive work done by the exoskeleton is regulated to a
desired setpoint, E∗. This is equivalent to minimizing the
cost function J(γa) = 1

2 (aγa + b − E∗)2 while keeping
γa positive and bounded below a predefined limit (γ̄a) to
avoid excessive, uncomfortable torques on the user. The
corresponding problem is:

argmin
γa

1

2
(aγa + b− E∗)2

s.t. 0 ≤ γa ≤ γ̄a

(10)
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Since the experiments involved able-bodied participants,
we set E∗ = 0, providing no tangential assistance to alter
joint speeds. For users with motor deficits, however, a posi-
tive E∗ should be used increasing with the desired assistance
level. Moreover, since Ea depends on the user’s energy
contribution to the system, through changes in the joint
velocities, and the user’s behavior is widely varying across
individuals and time-varying based on the user’s intent,
the objective function is quasi-static. An online Accelerated
Projected Gradient Descent (APGD) was used to continually
solve the constrained optimization problem for γa [15], [16].
In Algorithm-1, the projection operator, S : R → R is

Algorithm 1 Accelerated Projected Gradient Descent Step
Input: γa[k], E

∗, k ≥ 0
Output: γa[k + 1]

1: function UPDATE STEP(γa[k])
2: â[k]←

∫
Tk
(Cdσ̄(e)q̇

T
refω)dt

3: b̂[k]← −
∫
Tk
(Cdω

T
σω)dt

4: δ[k]← k−2
k+1

5: y[k + 1]← γa[k] + δ[k](γa[k]− γa[k − 1])
6: ∇γaJ(y[k + 1])← â[k](â[k]y[k + 1] + b̂[k]− E∗)
7: γa[k + 1]← S(γa[k]− β∇γaJ(y[k + 1]))
8: return γa[k + 1]
9: end function

the saturation operation, and δ, β ∈ R+ are the momentum
factor and the learning rate, respectively. The learning rate
was β = 0.05 and the update frequency of γa was 0.5 Hz
to allow the user to feel the change in torques and make
adjustments for the next step.

C. Experimental Protocol and Evaluation

The proposed auto-tuning method was evaluated by com-
paring a controller with an adaptive value of γa (adaptive
controller) to a version with a fixed γa = 1 (fixed controller)
on an Indego Explorer exoskeleton (Ekso Bionics, USA), at
slow, medium, and fast walking speeds on an instrumented
treadmill (Bertec, USA), corresponding to 0.3, 0.4, and
0.5 body lengths per second. For the adaptive controller, a
separate value of γa was optimized for each leg.

Twelve participants (6 male, 6 female, age: 26± 4 years,
body mass: 69.5 ± 21.3 kg, height: 1.71 ± 0.06 m) with
no known neuromuscular impairment participated in the
study. The participants provided informed consent prior
to the experiment. The study protocol was conducted in
accordance with the Declaration of Helsinki and approved
by the Research Ethics Board, ORE#41794.

The session (Fig.2B) consisted of two sections, one with
the fixed controller and one with the adaptive controller,
presented in randomized and blinded order. Each section
started with a 30 s calibration period at 0.4 BL/s, during
which the exoskeleton inertial dynamics were compensated
but no VFF controller was applied. Participant’s average hip
and knee flexion angle and velocity trajectories over the last
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Fig. 2. A) Muscle activities are measured with surface electromyography
sensors (pink), while kinematics are measured with retroreflective Vicon
motion capture markers (blue) and exoskeleton joint encoders. B) Experi-
ment protocol is composed of two sections, one for each fixed and adaptive
controllers (randomized order).

twenty seconds, were recorded for the reference path. After
calibration, participants completed three steady-state walking
conditions at 0.3, 0.4, 0.5 BL/s for 90 s each, followed
by a 45 s linear speed ramp down from 0.5 − 0.3 BL/s,
and back, termed the dynamic condition. Across participants,
the mean slow, medium, and fast treadmill speeds were
0.514± 0.019 m/s, 0.685± 0.026 m/s, 0.856± 0.032 m/s.
After each condition, participants rated their perceived dis-
agreement feeling with the controller relative to the passive
exoskeleton in calibration as a baseline, and at the end, they
indicated their preferred controller (first or second).

The embedded joint encoder sensors in the exoskeleton
were used to measure joint angles and velocities at a sam-
pling rate of 200 Hz. Retro-reflective motion capture mark-
ers (Vicon, UK) were used on the heel, as well as the first,
third, and fifth metatarsal (MP) joints of each foot to record
the kinematics of the feet downsampled from 2000 Hz
to 200 Hz as shown in Fig.2A. Muscle activities were
measured with surface electromyography (EMG) sensors
(Trigno, Delsys, USA) placed on the Rectus Femoris (RF),
long head of the Biceps Femoris (BF), and medial head of the
Gastrocnemius (GM) at a sampling frequency of 2000 Hz.
EMG signals were bandpass filtered to 10− 450 Hz with a
fourth-order Butterworth filter, followed by full-wave rectifi-
cation and smoothing with a fourth-order 8 Hz Butterworth
filter. The EMG data was then downsampled to 200 Hz
before normalization to the maximum EMG value observed
throughout the whole trial for each participant. Human-
exoskeleton interaction torques at each joint were estimated
with the neural network method used in [14] that converts
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Fig. 3. A) Average energy supplied by assistive torques per step across all participants. B) Value of the nominal path speed scaling factor (top) adapts to
changes in the walking speed for a representative participant, causing the energy supplied per step by assistive torques (bottom) to stay close to zero even
though the speed changes. The three-step average is overlaid on the instantaneous energy per step (faded).

time-delayed measurements of joint kinematics to interaction
torques.

To build the IP, muscle effort, which is the integral of
squared muscle activities over every step, was calculated as
a physiological cross-sectional area (PCSA)-based weighted
averaged of RF, BF, and GM muscles. The PCSA-based
weights (RF: 13.5 cm2, BF: 10.8 cm2, GM: 21.0 cm2)
are proportional to their maximum muscle force value [14],
[17]. The normalized interaction torques were computed by
taking the integral of the absolute value of the estimated
interaction torques of the hip and knee joints, normalized
by the maximum amplitude in each trial. Both the values
for the adaptive controller were centered and scaled around
the average values from the fixed controller and plotted with
the difference in torque magnitudes along the x-axis, and the
difference in muscle effort along the y-axis.

The average root mean squared path error (RMSE) and
path speed (∥q̇(θ)∥2), joint ranges of motion, and power
trajectories were computed for the participant’s dominant leg.
Spatiotemporal gait metrics, including the maximum height
of the foot during the swing phase (peak foot clearance),
step duration, and stride length, were computed from the
foot marker trajectories. In steady-state conditions, statistics
were computed from the final 45s of each condition.

A Friedman test with a significance level of α = 0.05
was used to evaluate group-level differences in average
statistics for each participant between the fixed and adaptive
controllers. A post-hoc Wilcoxon signed-rank test with α =
0.05 and Bonferroni correction was then used to analyze the
differences at each speed.

IV. RESULTS

In this section, the performance of the adaptive controller
is compared with the fixed controller based on assistive
energy transferred by the exoskeleton, spatiotemporal gait
metrics, as well as the user’s behavior through IP analysis

and average muscle activation. Numerical results are pre-
sented as median ± inter-quartile range (IQR).

A. Energy and Power Transfer

The Friedman test comparing energy supplied by the
assistive torques showed statistically significant differences
between the fixed and adaptive controllers (p ≪ 0.001).
The Wilcoxon Signed Rank test further confirmed that, at
medium, fast, and dynamic speeds, the energy supplied by
assistive torques was significantly higher (all p ≤ 0.001)
for the adaptive controller compared to the fixed version
see Fig.3A. There was no significant difference between the
controllers at slow speed (p = 0.677).

The energy absorbed by the fixed controller per step
increased from an average of −0.050 ± 0.494 J

step at slow
speeds to −0.358± 0.311 J

step at medium speeds, −0.419±
0.384 J

step at fast speeds and −0.268 ± 0.409 J
step dur-

ing the dynamic condition. In contrast, the average energy
transferred by adaptive assistive torques per step was much
smaller in magnitude with lower variance with 0.00756 ±
0.02982 J

step , 0.0419±0.0517 J
step , 0.0347±0.0688 J

step , and
0.0108 ± 0.0464 J

step for slow, medium, fast, and dynamic
speeds, respectively, as shown in Fig.3A.

The mean power transferred at each joint for a rep-
resentative participant, shown in Fig.4, clarifies when the
exoskeleton assists or resists motion during the gait cycle.
At the hip, the fixed controller had negative peaks at mid-
stance (70 % of gait cycle) as extreme as −0.652±0.994 W
at slow speeds, while those peaks were positive for the
adaptive controller, up to 1.50 ± 0.92 W at fast speeds.
At the knee, the fixed controller had two negative peaks up
to −1.84 ± 1.39 W (fast) at the beginning and end of the
swing phase (60, 90 % of gait cycle), which were reduced
in amplitude to 0.567± 0.490 W (medium) for the adaptive
controller.

The top row of Fig.3B shows the adaptation of γa as the
walking speed changes for a representative participant. For
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Average Assistive Power of a Representative Participant

Fixed
Adaptive

Fig. 4. The mean trajectory with unit standard deviation confidence
intervals of power supplied to the hip (top) and knee (bottom) joints by
the assistive torques for a representative participant.

each of the steady-state speeds, the initial reference velocity
starts with a scale of 1, and changes to keep the energy
supplied per step (bottom row) close to zero. In slow speed,
the scaling factor reduces to a minimum of 0.910 and a final
value of 0.954, while in medium speed, the scaling factor
peaked at 1.07 and ended at 1.03, and for fast speed, peaked
at 1.19 and ended at 1.16. In the dynamic condition, the
scaling factor γa starts its final value from the fast walking
(1.09). As the treadmill speed drops, the assistive energy
of the adaptive controller is positive, indicating that the
exoskeleton is supplying surplus energy, causing γa to drop.
Once the treadmill ramps up again, so does γa (following a
delay of 8 steps).

B. Controller Regulation Objectives

The adaptive controller showed no significant changes in
corrective behaviour, compared to the fixed controller, as
expected since the two controllers share the same corrective
control component. The Friedman test comparing both con-
trollers at the group level showed no significant differences
in the RMSE (p = 0.175), peak foot clearance (p = 0.773),
hip and knee range of motions (p = 0.273, p = 0.525), step
duration (p = 0.954), and the stride length (p = 0.977).

Fig.5A shows that across all participants, the average
RMSE per step is reasonable. The median RMSE is at
worst 6.08± 0.38◦ and 5.49± 0.38◦ during the fast walking
condition for fixed and adaptive controllers, respectively.

The spatiotemporal gait metrics measured in this experi-
ment align with reported values in the literature [18]. During
dynamic walking across all speeds, the average peak foot
clearance was 21.6 ± 1.4 cm with the fixed controller and
22.2±1.9 cm with the adaptive controller (Fig.5B). Hip and
knee ranges of motion were 39.2 ± 3.6◦ and 43.9 ± 14.2◦

for the fixed controller, compared to 39.7± 4.1◦ and 45.6±
13.2◦ for the adaptive controller. Step duration decreased
from 1.57 ± 0.13 s and 1.58 ± 0.14 s at slow speed to
1.27±0.12 s and 1.30±0.13 s at fast speed, for the fixed and
adaptive controllers, respectively. Stride length ranged from
0.786±0.120 m (slow) to 1.06±0.16 m (fast) with the fixed

A

B

Fixed
Adaptive
Avg. Passive

Fig. 5. A) Participant average path tracking error. B) Average peak height
of the foot above the ground.

controller, and from 0.790±0.098 m (slow) to 1.07±0.12 m
(fast) with the adaptive controller.

C. Interaction Portrait and Muscle Activation

The IP plot in Fig.6A compares the average muscular
effort and interaction torques for all participants during the
last 20s of the adaptive controller with those of the fixed
controller. At slow speeds, users either took control over the
exoskeleton (four users in Q2) or yielded control (five in Q4).
At medium speeds, eight participants had decreased interac-
tion torques (Q2/3), while at fast speeds seven participants
had reduced muscle effort (Q3/4).

The progression of user-exoskeleton interaction over time
for one of participants with respect to the average interaction
observed for the fixed controller is shown in Fig.6B. For
all three speeds, the adaptive interaction trends towards Q2
and Q3, corresponding to decreased interaction torques. At
fast walking, while adaptive controller result in reduced
disagreement (points fall in the Q3), the fixed controller led
to increased disagreement.

Fig.7 compares the difference in the PCSA-weighted av-
erage muscle activation across participants. Positive values
indicate increased muscle activation with the adaptive con-
troller, while negative values reflect decreases relative to the
average activation with the fixed controller. Although the
Friedman test did not reveal a significant effect (p = 0.341),
more than 75% of participants exhibited lower average
muscle activation level during walking with the adaptive con-
troller in medium, fast, and dynamic speeds. At the fast and
dynamic speeds, some participants experienced reductions in
muscle activation up to 5%.
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Fig. 6. A) Average difference in interaction between the last 20 s of the adaptive controller with respect to the last 20 s of the fixed controller for each
participant. B) Temporal progression IPs of the representative participant highlighted in A, comparing every 4 steps of each controller with respect to the
mean interaction value of the fixed controller over all points. Brighter points correspond to later steps.
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Fig. 7. Difference in the average muscle activation between the adaptive
and fixed controllers for each participant.

V. DISCUSSION

A. Modifications to the Original Flow Controller

The viscous damping behavior for large error scenarios in
the original control law, explained in Fig.1, leads to power
dissipation and fast fatigue where the average assistive en-
ergy in Fig.3A was typically negative for the fixed controller
at the medium and fast speeds, requiring the user to exert
more effort. This is arguably justifiable when the user cannot
establish a safe gait pattern on their own, so the desired
behavior is to halt user error and prioritize correction before
continuing the motion. However, this damping behavior can
also become obstructive when the desired path is not well
tuned to the user’s anthropometry, motor capacity or walking
speed, which may be highly variable across users [19], [20].

Obstruction is particularly evident when the knee flexion
angle of the swing leg is substantially lower than the desired
value given the hip flexion angle, the scenario in Fig.1. The
large path error causes the controller to act like a viscous
damper along the direction of step progression. The resulting
resistance, applied while the user is in an unstable position,
inhibits further knee flexion and hip extension. This reduces
the knee range of motion and foot clearance, increasing
the risk of stumbling or falling, and worsens tracking error,
thereby reinforcing undesired behavior.

The proposed control law, Eq.(5), does not inhibit user
motion, even if the error is markedly large. In Eq.(5), e →
0 ⇒ τa → 0, leaving only the corrective torques in the
normal direction and no resistance in the tangential direction,
allowing the user to converge more smoothly towards the
desired path, thus it is only reasonable to compare the
adaptive version of Eq.(5) to a fixed version, since the
original controller, Eq.(1), will have more negative work than
the fixed controller in Fig.3A.

In the dynamic condition, γa tracks the changes in tread-
mill speed (Fig.3B) demonstrating that the adaptive con-
troller correctly reduces assistance when over-assisting at a
slower speed and synchronizes with the user as they exert
more energy to speed up.

The learning rate, β, and the update frequency in Al-
gorithm (1) were chosen in the pilot experiments. Update
frequencies above 0.7 Hz, or learning rates β > 0.1 caused
large step-to-step fluctuations in γa, producing oscillatory
changes in both the exoskeleton and user behaviour. Since
the iterative APGD solver requires a consistent optimization
problem across iterations, user behaviour must remain quasi-
static, necessitating slow adaptation. The oscillations in γa in
the last 20 steps of the steady-state conditions in Fig.3B show
the user co-adapts to the changes in the joint torques from
step-to-step. This suggests that the main limitation of faster
adaptation rates is the user’s ability to interpret, anticipate,
and react to changes in exoskeleton behaviour.

For users with ambulatory deficits, the assistive energy
setpoint, E∗, in Eq.(10), should be set to a positive constant
to provide continual assistance. The encouraging results in
this study suggest that the assistive energy is controllable to
reach and hold an arbitrary setpoint.

B. User-exoskeleton Interaction and Feedback

Both the participant average and representative IPs in
Fig.6 show that the adaptive controller outperforms the fixed
version at all speeds by reducing the interaction torques while
allowing the user to exercise agency without disagreement.
Furthermore, in Fig.6B, the shift of points toward Q3 across
all speed conditions indicates that the adaptive controller
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progressively increased user-controller agreement over time.
In the questionnaire, 8 out of 12 participants preferred

the adaptive controller and reported experiencing less resis-
tance when walking, particularly at medium and fast speeds.
Those who favored the fixed controller felt that the adaptive
controller moved them along a different kinematic path than
what they wanted. Also, they liked the stronger sense of
assistance at slow speeds with the fixed controller, which
emerges since the fixed controller was tuned for medium
speed, causing positive assistive energy for slow speed, as
shown in Fig.3A. This difference in preference is reflected
in muscle activity in Fig.7, where certain participants had
substantial decreases in muscle activity at all speeds, while
others had increases.

C. Limitations and Future Work

Future work includes evaluating the controller in over-
ground environments since overground walking leads to more
frequent and varied changes in speed and intent in due to
the environment.These dynamics challenge the quasi-static
assumption underlying the optimization in Eq.(10).

Lastly, the VFF controller assumes a consistent kinematic
reference path across speeds; however, joint trajectories vary
with walking speed [19], [20]. In the VFF control law,
large errors lead to corrective behaviour dominating assistive
torques, limiting adaptation, and increasing user-exoskeleton
disagreement. Participants who preferred the fixed controller
may have had desired trajectories different from those at the
(medium) calibration speed, causing unnecessary corrective
torques. Further improvements should incorporate both ve-
locity and trajectory adaptation, e.g., using [21].

VI. CONCLUSION

The adaptive and modified VFF controller resolves the
damping behaviour in the original controller and reduces
the disagreement between the user and the exoskeleton by
modulating the desired joint velocities according to the
sign of mechanical work. In an experimental study with 12
participants walking on a treadmill at 0.4 ± 0.1 BL/s, the
adaptive controller significantly reduced energy dissipation
by the exoskeleton compared to the fixed controller while
preserving corrective behavior and kinematics. Analysis of
muscular effort and interaction torques using interaction
portraits revealed that participants co-adapted well to the
adaptive controller, showing less disagreement with the de-
vice and more frequently leading the motion, particularly
at higher speeds, making it a preferred controller for ma-
jority. Nonetheless, four participants preferred the steady
and predictable behavior of the fixed controller, specifically
for slow speed. Overall, these encouraging results suggest
that optimizing energy transfer between the user and the
exoskeleton can improve walking speed synchronization by
personalizing the reference path speed to each individual.
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