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Interpretable Force Perturbations Promote Gait
Variability Without Affecting Perceived

Exoskeleton Transparency
Alex van den Berg , Katherine L. Poggensee , Member, IEEE , David Abbink , Senior Member, IEEE ,

and Laura Marchal-Crespo , Member, IEEE

Abstract— Force perturbations during gait training
can increase movement variability, which may support
motor exploration and learning. However, when such
perturbations are delivered through a robotic exoskeleton,
they can also reduce perceived exoskeleton transparency,
potentially hindering user acceptance. We tested whether
visualizing continuous upper leg-level perturbations
in immersive virtual reality (VR) could preserve their
variability-enhancing effect while mitigating the cost
to perceived transparency in a pelvis-centered walking
task. Thirty healthy adults walked on a treadmill while
wearing a robotic exoskeleton and performed a ball-in-cup
task, requiring continuous mediolateral control of the
pelvis. Participants trained under one of three conditions:
Control (no perturbations), Perturbation (continuous
noise-like multisine forces applied at the thighs), or
Perturbation + Visual (same forces with a real-time, body-
referenced force-beam visualization). Step-width variability
was evaluated during Training. Task performance, intrinsic
motivation, and perceived transparency were assessed
across Baseline, Training, Retention, and a faster-speed
Transfer test (120 % of preferred speed). Both perturbation
conditions significantly increased step-width variability
during Training relative to Control, with no detectable
difference between Perturbation and Perturbation + Visual.
Task performance improved from Baseline to Retention
and Transfer across all conditions, with no significant
differences across conditions. Motivation did not
differ between conditions either. Critically, perceived
transparency decreased only in the non-visualized
Perturbation condition and remained stable in both Control
and Perturbation + Visual. Our results show that continuous
leg-level perturbations reliably enrich lateral gait variability
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and that simple visual force cues can prevent a perceived
transparency cost without compromising the variability
manipulation. Future work should test adaptive dosing,
multisession training, and clinical cohorts with impaired
lateral stability.

Index Terms— Gait, perturbations, force visualization,
step-width variability, virtual reality.

I. INTRODUCTION

AHEALTHY gait enables us to move through diverse
environments and situations seemingly effortlessly. A

key mechanism supporting this capacity is the subtle step-
to-step fluctuation in walking, known as gait variability [1].
Rather than being mere noise, evidence indicates that motor
variability serves functional roles in exploration, adaptation,
and robust control of movement [2], [3], [4]. Such vari-
ability enables adjustments to changing environmental and
physiological conditions and can facilitate the learning of
stable, efficient gait strategies [1], [5]. Therefore, instead
of reducing variability through, e.g., robotic assistance [6],
recent gait training and rehabilitation approaches suggest
strategically increasing variability during gait training [2],
[7].

One way to increase variability during gait training is to
apply force perturbations. Gait perturbations can be deliv-
ered in various ways: treadmill belt accelerations [8], [9],
visual-field shifts [10], [11], or forces applied by a wearable
robot [12], [13], [14]. For instance, random pulse-like forces
improved learning in a stepping-like task [13], and varied
pelvis perturbations increased gait variability and enhanced
functional outcomes in individuals with incomplete spinal cord
injury [12]. However, improvements in learning are not always
observed across force perturbation-based protocols. When
such forces are delivered through an exoskeleton, perturbations
can make it feel as if the user has to “fight” the robot, reducing
perceived transparency, here defined as the user’s subjective
experience of how little the device resists or distorts self-
generated movement [15]. Prior work has shown that force
perturbations can diminish the sense of agency, i.e., the feeling
of being in control of one’s own movements [16], [17], or
reduce motivation [18], which may ultimately hinder training
engagement and motor learning [14], [19].
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One way to address this limitation is to add visual cues
that provide information about the applied forces/torques, e.g.,
where they are applied on the body and their magnitude. The
visualization of assisting forces has been shown to improve
user acceptance and performance across different domains,
likely by making them easier to understand [20], [21]. We
theorize that visualizing force perturbations may mitigate
the negative impact on user experience in perturbation-based
training without compromising their augmenting effects on
movement variability, thereby enhancing motor learning. In
this work, we seek to achieve this by making upper-leg-
applied-force perturbations legible but not predictable to the
user by visualizing their current direction and magnitude in
(immersive) Virtual Reality (VR).

To test this idea, we implemented the force visualization
in an immersive VR motor-learning experiment using a novel
gait task. Participants walked on a treadmill while balancing a
virtual ball in a cup that moved laterally with their pelvis.
The ball rolls without slipping, so keeping it in the cup
requires participants to smoothly regulate their mediolateral
pelvic motion while walking. The task draws on the everyday
challenge of carrying an object that demands continuous lateral
postural regulation, such as a cup of liquid [22], [23], with the
key difference that in our task the cup motion is amplified and
directly coupled to pelvis displacement, turning lateral pelvis
regulation into an explicit, ongoing performance objective.

Mediolateral walking stability relies on the regulation of
foot placement based on the state of the pelvis and center
of mass [24], [25], [26], and step-width variability reflects the
active control of this loop [27], [28]. Because variability along
task-relevant dimensions is thought to be most beneficial for
learning [29], [30], [31], and step-width variability is task-
relevant for lateral stability [27], [32], enriching it during
training may promote more adaptive balance control. The
ball-in-cup task challenges this control dimension, provid-
ing a controlled testbed for studying whether continuous
perturbations can improve its regulation. We implemented per-
turbations that continuously changed, noise-like forces applied
to the upper legs using a customized treadmill-based robotic
exoskeleton [33].

This approach differs from existing gait-perturbation pro-
grams that emphasize reactive responses to discrete events
such as sudden belt accelerations (e.g., [8], [9]) or visual-field
shifts (e.g., [10], [11]). Such training can improve reactive
balance and reduce falls, yet its effects on steady-state gait
quality are not consistently superior to conventional treadmill
training [8], [34]. Our approach instead targets proactive,
continuous regulation of lateral stability.

We run a parallel design experiment with thirty unimpaired
participants, who trained the ball-in-a-cup task under either of
three conditions: (i) without perturbation (Control), (ii) with
force perturbations, and (iii) with force perturbations that were
also visualized. We tested four hypotheses:

• H1: Force perturbations increase step-width variabil-
ity during training compared with Control, while no
differences are expected between the two perturbation
conditions (i.e., with and without visualization);

• H2: Training with the perturbations improves retention
and transfer of the pelvis-control task w.r.t. Control;

• H3: The visualization of the perturbation forces prevents
the negative impact of perturbations on motivation and
perceived transparency expected with non-visualized per-
turbations;

• H4: Since the disturbance visualization mitigates the
motivation and perceived-transparency cost of pertur-
bations without diminishing variability (H1–H3), this
condition yields larger gains in task performance than
training with non-visualized perturbations.

II. METHODS

.A. Participants
Thirty healthy participants (15 female, 15 male) took part

in this study, with a mean age of 30.20 years (S D = 6.80),
height of 1.80 m (S D = 0.09), and body mass of 83.27 kg
(S D = 14.91). Most participants (27) had completed higher
education, and 3 had completed secondary education. Prior
VR experience varied: 6 had never used VR, 18 reported
approximately 10 hours, 5 reported approximately 100 hours,
and 1 reported more than 100 hours. Eight participants
reported being prone to motion sickness. The mean preferred
treadmill walking speed was 0.67 m/s (S D = 0.10). The study
was approved by the Human Research Ethics Committee of
Delft University of Technology (approval number: 5077) and
conducted in compliance with the Declaration of Helsinki.

.B. Experimental Setup
Participants walked on a treadmill while wearing a grounded

exoskeleton, a modified version of the commercial Lokomat RO
(Hocoma AG, Switzerland), and an HTC Vive Pro Eye HMD
(HTC Corporation, Taiwan). Limb motion was tracked with
five Vive 3.0 trackers: one on the waist, two on the mid-feet,
and two on the thigh straps near the knees (Fig. 1). Three
additional trackers were mounted to the treadmill deck to
define the world reference system. Three base stations covered
the volume above the treadmill. The experiment was conducted
on a Windows 10 (Microsoft, USA) machine with an NVIDIA
GeForce RTX 3080 GPU, 32 GB of DIMM DDR4 memory,
and an Intel Core i9-10850K CPU (Intel, USA).

1) Virtual Environment: The virtual environment was built
in Unity 2022.3.23f1 and depicted a natural valley extending
in the walking direction [35] (Fig. 1). We targeted a 90 Hz
rendering rate to match the HMD’s refresh rate. A translucent,
treadmill-sized rectangle was rendered on the ground to help
participants judge foot placement. Forward translation of the
scene was synchronized to treadmill speed via User Datagram
Protocol (UDP). In Fig. 1 bottom-right, we overlay the left-
handed coordinate frame with x (mediolateral), y (vertical),
and z (forward) axes, matching the coordinate frame in Unity.
A semi-transparent heads-up display (HUD) was centered
3.5 m ahead and included a top-down view of the avatar’s
legs.

The lower-limb avatar (https://readyplayer.me/, 2023) was
matched to each participant’s size. In particular, the avatar
height and leg length were adjusted using the HMD and waist

https://readyplayer.me/


BERG et al.: INTERPRETABLE FORCE PERTURBATIONS PROMOTE GAIT VARIABILITY 2831

Fig. 1. Experimental setup and virtual scene. Left: participant instrumented for the experiment, showing (1) treadmill-mounted Vive trackers,
(2) foot trackers, (3) waist/pelvis tracker, (4) exoskeleton thigh cuffs with co-located trackers, (5) head-mounted display, and (6) exoskeleton–MUCDA
system. Right: virtual scene showing (7) avatar legs, (8) treadmill-aligned ground rectangle, (9) coordinate frame (x right, y up, z forward),
and (10) first-person view with heads-up display.

tracker. Inverse kinematics (FinalIK v2.3, RootMotion) were
used to animate the avatar’s legs, based on the information
from the waist, foot, and knee trackers.

2) Grounded Exoskeleton: The exoskeleton provides actua-
tion for hip flexion/extension and abduction/adduction through
two linear actuators per leg, arranged in a parallel, closed-
chain mechanism. The system also includes a six-degree-
of-freedom compliant pelvis module, with actuated lateral
movement provided by a series elastic actuator (Fig. 1, left).
The kinematics and actuator–joint mapping of the hip module
are described in detail in [33]. Although the original device
also supports knee actuation, the shank/knee assemblies were
removed as delivering forces at the thighs was sufficient to
increase mediolateral variability. Leaving the lower legs free
simplified donning/doffing and reduced setup time.

The robot was operated in transparency mode, i.e., con-
trolled to minimize resistance to self-generated movement
[15]. Low-level control for the hip actuators was imple-
mented in MATLAB/Simulink (R2013b) and compiled for
the Simulink Real-Time (xPC) target, running at 1000 Hz.
The linear actuators were commanded in force mode: the
desired actuator force combined (i) a configuration-dependent
gravity-compensation term, and (ii) a velocity-proportional
friction-compensation term. The perturbation forces described

in Subsection II-D were superimposed on top of these
transparency-enhancing commands.

The MUltidimensional Compliant Decoupled Actuator
(MUCDA) [36] was employed at the pelvis level. Lat-
eral interaction force was estimated from the measured
spring deflection, with stiffness ks = 3379 N/m, along the
mediolateral axis, as reported in [36]. The lateral actuator
was commanded to cancel the estimated interaction force,
whereas the remaining degrees of freedom remained passively
compliant.

Virtual soft stops were implemented near the travel limits
of both the hip and lateral pelvis actuators. The lateral pelvis
actuator allowed a total motion of 0.20 m, with soft stops
beginning at 0.08 m from the treadmill center. The soft-stop
fields at the hip actuators engaged within 0.02 m from either
end of the 0.40 m stroke. Within these boundary regions, any
commanded transparency and perturbation forces that would
drive the actuator further toward its limit were smoothly faded
to zero.

The overhead body-weight support (BWS) harness was
adjusted to support the exoskeleton’s weight and provide fall
protection. The BWS overhead carriage was coupled to the
lateral motion of the pelvis module so that the harness attach-
ment point followed the participant’s mediolateral movement.
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Fig. 2. Schematic for the ball–cup system. The cup is a circular arc (Rarc = 5 m) that translates laterally (pcup(t)) with the pelvis (ppelvis(t)). The
ball moves along the arc with arc-length coordinate q(t); „(q) is the local tangent angle. The maximum arc-length to the edge depends on difficulty:
at Level 0 (8◦), qmax,0 ≈ 0.35 m; at Level 6 (6◦), qmax,6 ≈ 0.26 m.

.C. The Ball-in-Cup Task

Participants walked while balancing a virtual ball in
a shallow cup that translated laterally with their pelvis
(Fig.s 1 and 2). The (left-handed) world coordinate frame
in Unity consists of x mediolateral, y vertical, and z forward
directions. The cup was placed in front of the participant at
(y, z) = (1.38 m, 2.0 m) so that both the task and the HUD
were comfortably visible in the forward view while walking.

The cup was modeled as a circular arc of radius Rarc = 5 m,
translating along the x-axis with the pelvis (Fig. 2). Medi-
olateral pelvis displacement relative to the center of the
treadmill, ppelvis(t), was measured by the pelvis module and
proportionally mapped to the cup center position:

pcup(t) = kpc ppelvis(t), kpc = 10. (1)

The proportional gain was tuned so that typical pelvic
excursions during walking produced clearly visible, but not
excessive, cup motion, keeping the task centered in front of
the participant and aligned with the HUD.

The ball was treated as a point mass constrained to move
along the cup surface in the (x, y)-plane. Its position along the
arc was parameterized by the arc-length coordinate q(t) (in m),
and the angle θ(q) between the tangent of the cup surface at
the ball-cup contact point and the horizontal (in rad) (Fig. 2).
Projecting forces onto the local tangent yielded:

q̈ = −g sin θ(q) − p̈cup cos θ(q) − µdg cos θ(q)sgn(q̇) − dq̇, (2)

with gravity g = 9.81 m/s2, Coulomb friction coefficient µd =

0.03, and viscous damping d = 0.8 /s. We approximated ṗcup
and p̈cup by finite differences. We then updated the ball states
(q, q̇) with an explicit Euler step at ∆t ≈ 0.011 s (matching
the 90 Hz rendering rate).

Rarc was chosen so that the ball–cup natural frequency lay
below typical stride frequencies (< 0.3 Hz). Then, µd and
d were tuned so that the frequency response was relatively
flat between 0.4 Hz to 3 Hz. This avoided resonances at
walking-related frequencies while yielding dynamics that were
challenging but achievable.

The ball was rendered with a radius (2.5 cm), and the visible
edge of the cup was inset by the same amount so that a fall
occurred when the ball appeared to pass over the edge. At the
start of each trial, the ball spawned 1.0 m higher than the cup
at pcup = 0, hovered for 1.0 s, and then fell under gravity. If the

ball missed the cup or later rolled over the edge, it continued
to fall for 0.5 s and then reappeared at the starting location.

Task difficulty was controlled by the cup arc angle,
expressed to participants as the task Level. During the
Baseline, Retention, and Transfer phases, we used a fixed
intermediate arc angle of 6◦ (Level 6). Throughout the Training
phase, the angle varied between 8◦ (easier) and 5◦ (harder), as
shown in Section II-F. Fig. 2 illustrates two example levels.

During the task, the HUD displayed a running Balancing
Time and cumulative Score, with one point awarded for each
second that the ball remained in the cup. The pelvis position
was streamed from the exoskeleton controller to Unity over
UDP at 90 Hz. Occasional packet loss was handled by linearly
interpolating pelvis velocity and integrating Eq. 2 for each
missing frame.

.D. Perturbation Forces
When perturbations were active, the exoskeleton applied

continuously varying forces to each leg through the thigh cuffs.
We defined two perturbation channels per leg: a mediolat-
eral (left–right) channel and an anteroposterior (front–back)
channel. These channels were used to shape and visualize
the perturbations in the virtual environment, aligned with the
world x and z axes, respectively. However, we note that the
applied forces were only approximately aligned with the fixed
world-frame axes, due to the hardware configuration.

For each leg and channel, we generated a multisine signal:

sx,z(t) =

150X
i=1

Ai sin
�
2π fit + ϕi

�
, (3)

with fi uniformly spaced over [0.01, 0.5] Hz. Amplitudes
Ai ∈ [0.5, 1.0] and phases ϕi ∈ [0, 2π) were drawn at ran-
dom. For each participant, four independent realizations (two
channels per leg) were generated using different random seeds.
Each realization was normalized by its own nominal variance
(Eq. 4) so that the resulting perturbation drive signals had
matched power across all participants and conditions.

We then computed the nominal variance of each multisine:

σ2 = 1
2

150X
i=1

A2
i (4)

and used it to normalize and clamp the signals to [−1, 1]:

m̂x,z(t) = max
�
−1, min

�
1,

sx,z(t)
2σ2

��
. (5)
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Fig. 3. Experimental protocol. After familiarization, participants completed Baseline (5 m), two 10 m Training blocks (under either Control,
Perturbation, or Perturbation + Visual conditions), Washout (5 m), Retention (5 m), and Transfer (5 m at 120 % speed). Questionnaires (Q) were
administered after each phase (see Section II-H).

These signals m̂x,z(t) were then passed through a first-order
low-pass filter with cutoff frequency fc = 0.525 Hz to obtain
smoothed perturbation drive signals m̃x,z(t).

We then defined the desired force perturbation components
for each participant as:

Freq
x,z (t) = kF M m̃x,z(t), kF = 0.015 N/kg, (6)

where M is the participant’s body mass in kg.
The desired force components were then mapped to small

target hip-angle increments:

∆φx,z(t) = kφ Freq
x,z (t), kφ = 0.03 rad/N, (7)

interpreted as target increments in abduction/adduction (medi-
olateral channel) or flexion/extension (anteroposterior chan-
nel).

Let φ denote the hip angles and φcmd(t) = φ(t) + ∆φ(t) the
commanded angles after adding the perturbation increments
from Eq. 7. Using the kinematic model of the exoskeleton
[33], φcmd(t) was mapped to desired actuator lengths `cmd(t).
The actuator commands were then generated as:

upert(t) = kP
�
`cmd(t) − `current(t)

�
, kP = 1500 N/m (8)

and superimposed on the transparency-mode commands (see
Section II-B2). The gains kF , kφ, and kP were tuned jointly
during pilot testing to produce perturbations that reliably
increased step-width variability across all participants, while
remaining comfortable and preserving a sense of agency and
safety during walking. To contextualize the calculated pertur-
bation forces, for a 100 kg participant, the resulting actuator
commands correspond to commanded peak perturbation forces
on the order of 25 N per channel.

.E. Perturbation Visualization
To visualize the perturbations in VR, we rendered an

animated force beam anchored at the avatar’s thigh trackers
(Fig. 4). The beam extended toward a colored sphere, with
direction and length determined from the smoothed normalized
perturbation drives (m̃x,z(t)). Beams were color-coded by leg
(left: blue, right: orange) and particles flowed toward the
sphere, indicating the direction in which the perturbation
“pulled” the thigh.

The beam endpoint in the horizontal plane was calculated
as:

dleg(t) = Lmax m̃leg(t), Lmax = 2.5 m, (9)

where m̃leg(t) =
�
m̃x(t), m̃z(t)

�>, i.e., the filtered, normalized
and clamped signal calculated in Eq. 5. The same beams were
mirrored on the HUD (Fig. 1) so participants could perceive
the perturbations from a frontal view without needing to look
down at their legs.

Fig. 4. Perturbation visualization. Labels: (1) scene origin; (2) pelvis-
linked cup (at pcup = 0); (3) avatar; (4) heads-up display; (5) left-leg force
beam; (6) right-leg force beam. Beams were also mirrored on the HUD.

.F. Experimental Protocol

After obtaining informed consent, we collected demo-
graphic information (see Section II-A). Body mass was
measured using a standard scale and used to scale the
perturbing forces (Eq. 6). Participants completed four main
experimental phases in a single session, namely Baseline,
Training, Retention, and Transfer, as illustrated in Fig. 3.
They were pseudo-randomly assigned in equal numbers to
one of three training conditions, with gender balanced across
conditions:

1) Control (C): no perturbation forces.
2) Perturbation (P): perturbation forces applied during

Training (see Subsection II-D).
3) Perturbation+Visual (PV): Same as P with the addi-

tion of the force visualization (see Subsection II-E)

Before the main phases, participants completed setup and
familiarization: we explained the experiment, fitted the track-
ers and harness, and calibrated the exoskeleton and avatar.
Preferred treadmill speed was set during a 3 m walk with the
HMD and exoskeleton. Participants then walked 5 m without
the exoskeleton, 5 m with it, and practiced the ball-in-cup
task for 3 m while standing. During standing practice, the
experimenter explained the task goal (keep the ball on the
platform by controlling pelvis motion). The task was active
and visible on the screen, and participants were instructed to
try it while the experimenter answered any questions. Exact
instructions per phase can be found in the Supplementary
Materials.



2834 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 34, 2026

The Baseline started immediately after familiarization. Par-
ticipants walked for 5 m at their preferred speed while
performing the ball-in-cup task, providing baseline perfor-
mance for all subsequent comparisons. Right after, participants
received training condition-specific instructions and familiar-
ization while standing for 2 m. Participants in the P and PV
groups experienced the perturbing forces; those in PV also
saw the visualization of the force beams (Subsection II-E).

The Training phase consisted of two 10 m walks, sepa-
rated by a short break to mitigate fatigue. We chose 10 m
blocks based on pilot testing, which indicated that this duration
provided sufficient time to challenge participants and allow
adaptation without excessive fatigue. During training, partic-
ipants walked at their preferred speed while performing the
ball-in-cup task under their assigned condition (C, P, PV).

Task difficulty was manipulated during training by changing
the cup arc angle. Baseline, Retention, and Transfer used a
fixed 6◦ setting. During training, the arc angle decreased from
8◦ to 5◦ over each 10 m block (ten discrete levels). This range
was selected based on pilot participants: 6◦ caused the ball
to leave the cup every few steps, and starting at 8◦ ensured
most participants could initially keep the ball in the cup. We
chose to vary the difficulty like this during training so that each
participant spent time across a range of difficulties, increasing
the chance that everyone experienced some practice time near
their individual optimal challenge level, while keeping the
protocol comparable across participants.

A 5 m Washout phase followed Training, during which
participants walked without the exoskeleton or task to dissipate
short-term after-effects. The Retention phase followed the
same structure as Baseline. The Transfer test repeated the task
at 120 % of preferred speed to evaluate performance transfer
at a faster, albeit typical, treadmill speed, in line with prior
gait studies [37], [38].

Between phases, participants stepped out of the exoskeleton
and removed the HMD, which provided a brief seated rest to
reduce fatigue. After each experimental phase (Baseline, the
two Training blocks, Retention, and Transfer), they completed
the Intrinsic Motivation Inventory [39] and the perceived-
transparency questionnaire (Subsection II-H) on a monitor.
The total session, including setup, familiarization, walking
phases, and questionnaires, lasted approximately 120 m.

.G. Data Processing

All time-stamped tracker and HMD poses, as well as system
and task states (see Section II-C) were logged in Unity at
90 Hz using the Unity Experimental Framework [40]. Ques-
tionnaires were administered outside of VR on a monitor using
the VR Questionnaire Toolkit [41].

We detected steps using a coordinate-based algorithm val-
idated for treadmill walking [42]. We determined each foot’s
position relative to the hip tracker along the z-axis, filtered it
(zero-phase fourth-order Butterworth, 5 Hz cutoff), and iden-
tified local maxima corresponding to heel strikes. Timestamps
were refined by identifying when foot velocity fell below
0.1 m/s.

Occasional tracking noise led to erroneous detection of heel
strikes, i.e., the time and position of the heel strike instances
could not be accurately detected due to tracker inaccuracies.
Using a custom interface (detailed in the Supplementary
Materials), we manually identified and removed 1417 such
erroneously detected steps in total (mean 5.95 per walk,
S D = 3.69), leaving an average of 394.67 steps (S D = 33.45)
per 5 m walk.

.H. Outcome Metrics

Task performance. To evaluate how well participants per-
formed the ball-in-cup task, we employed the mean normalized
margin (distance) to the cup edge as a performance metric. Let
q(t) be the ball’s arc-length coordinate along the cup surface
and let qmax be the arc-length from the center to the cup edge
(as defined in Subsection II-C and Fig. 2). The instantaneous
normalized edge margin is then defined as:

e(t) = 1 −
| q(t) |
qmax

. (10)

Note that e(t) ∈ [0, 1] while the ball is in the cup, with e = 1
at the center and e = 0 at the edge. For each phase/training
block, we computed the average e over all samples when the
ball was in the cup.

A caveat is that this metric only partially relates to the
instruction to keep the ball in the cup. However, the number
of ball drops showed pronounced ceiling effects after the
training, limiting sensitivity to between-condition differences.
Complete results for the number of ball drops are reported in
the Supplementary Materials.

Gait variability. We evaluated step-width variability as our
gait-variability outcome due to its role in regulating pelvis
control in the mediolateral direction [24], [26]. Step width was
defined as the absolute mediolateral (along the x axis) distance
between consecutive heel strikes. For each phase or training
block and leg, we computed the standard deviation of the step
width over all valid steps (after filtering) and averaged the two
legs to obtain a single measure of step-width variability. Left
and right legs were calculated separately and then averaged to
avoid inflating variability due to potential asymmetry.

Motivation. We assessed participants’ intrinsic motivation
after the Baseline, Training, Retention, and Transfer phases
using a selected group of items from the Intrinsic Motivation
Inventory (IMI) [39]. Four questions from three IMI subscales
were selected for their relevance to this study, namely inter-
est/enjoyment, perceived competence, and effort. Each item
was rated on a 7-point Likert scale. Scores were averaged
across items (after reverse-coding if applicable).

Perceived transparency. We assessed participants’ perceived
transparency of the exoskeleton interaction after Baseline,
Training, Retention, and Transfer using a short questionnaire
adapted from previous exoskeleton–transparency work [43].
The six items were:
• How much resistance was the exoskeleton giving to your

movements? (from [44])
• How comfortable were the movements while walking in

the exoskeleton? (from [45])
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• It seemed like I was in control of the exoskeleton. (from
[46])

• It seemed like I was causing the movements of the
exoskeleton. (from [46])

• How natural could you walk with the exoskeleton?
• It seemed as if the exoskeleton was controlling me. (from

[46])
Responses were on a 7-point Likert scale. The first and last

items were reverse-coded so that higher values indicated better
perceived transparency. We report the mean of all six items as
a composite score for perceived transparency.

.I. Statistical Analysis
All outcome metrics were analyzed with linear mixed

models (LMMs) in R (v4.4.0) using lme4, lmerTest
(Kenward–Roger degrees of freedom), emmeans, and
ggplot2. Fixed effects included the training Condition (Con-
trol, Perturbation, Perturbation + Visual) and the within-subject
Phase, plus their interaction. Subject-specific (ID) random
effects accounted for repeated measurements. The employed
model had the form:

Out ∼ Condition × Phase + (1 + taskCount | ID), (11)

where taskCount indexes how many times the ball-in-cup task
had been performed up to that point (Baseline = 1; Training
1 = 2; Training 2 = 3; Retention = 4; Transfer = 5).

For the analysis of the step-width variability (H1), we
focused on how Training changed gait variability relative to
Baseline. The model, therefore, included Baseline and both
10 m Training blocks (Phase = Baseline, Training), with the
two Training blocks entered as separate observations under the
same Phase label. For three participants, one Training block
showed substantial drift in the foot-tracking data and was
excluded from this analysis (P: Training 1 and Training 2;
PV: Training 1). To evaluate changes in task performance
(normalized edge margin, e) after training (H2 & H4), we
included Baseline, Retention, and Transfer in Phase. Further,
to address the hypothesis related to motivation and perceived
transparency (H3), we modeled participants’ subjective ratings
using Baseline and Training Phase only.

The model took the Control condition and Baseline phase
as reference levels. Two-sided tests used α = 0.05, and
Kenward–Roger degrees of freedom were reported for fixed
effects. Holm correction was applied to all p-values within
each analysis. When the Condition×Phase interaction was
significant, or to answer specific hypotheses, i.e., H4, we used
emmeans to compute the planned within-condition contrasts.
Model diagnostics included residual Q–Q and residual-versus-
fitted plots, convergence checks, and screening for singular or
boundary random-effects fits. Further, to support interpretation
of non-significant between-condition contrasts, we performed
post-hoc sensitivity and Bayesian follow-up analyses.

III. RESULTS

.A. Effect of Perturbations on Step-Width Variability (H1)
We found that continuous leg-level perturbations signifi-

cantly increased lateral gait variability during training (Fig. 5).

Fig. 5. Step-width variability at Baseline and Training. Standard
deviation of step width for Control (C), Perturbation (P), and Pertur-
bation + Visual (PV) for Baseline and Training phases. Small points
represent individual participants; different colors indicate the condition,
and different shapes indicate the task count: Baseline, Training 1, and
Training 2. Large symbols show the mean for each task count group for
that condition and phase. Boxplots indicate median and IQR (whiskers =
1.5 IQR). Horizontal bars mark significant contrasts (• • •pHolm < 0.001).

Fig. 6. Task performance across phases. Mean normalized edge
margin e (0 at edge, 1 at center) for Control (C), Perturbation (P), and
Perturbation + Visual (PV) for Baseline, Retention, and Transfer phases.
Small points represent individual participants; different shapes and
colors indicate the condition. Large symbols show the mean for each
condition for that phase. Boxplots indicate median and IQR (whiskers =
1.5 IQR). Horizontal bar marks significant contrast (• pHolm < 0.05).

In the mixed model, Training-related changes depended on
Condition: the Condition×Training interaction terms were
significant for both Perturbation (estimate β = 0.0116 m,
t(52.27) = 4.06, pHolm = 0.001, d = 2.47) and Perturba-
tion + Visual (β = 0.0104 m, t(51.54) = 3.66, pHolm = 0.002,
d = 2.22), whereas the main effect of Training alone was
small and nonsignificant (pHolm = 1.0000). Post hoc analysis
revealed no significant difference between the two perturbation
groups (pHolm = 0.694).
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TABLE I
LINEAR MIXED MODEL RESULTS FOR TASK PERFORMANCE. THE OUTCOME IS THE NORMALIZED EDGE MARGIN e. P = PERTURBATION; PV =

PERTURBATION + VISUAL; SE = STANDARD ERROR; DF = KENWARD–ROGER DEGREES OF FREEDOM; d = EFFECT SIZE (COHEN’S d -TYPE). WE

REPORT UNCORRECTED AND HOLM-CORRECTED p-VALUES; ITALICS INDICATE 0.05 < pHOLM ≤ 0.10, BOLD INDICATES pHOLM < .05

.B. Effect of Conditions on Task Performance (H2 & H4)
We found a general significant improvement in task per-

formance after training (Table. I, Fig. 6). In particular,
the normalized edge margin significantly increased from
Baseline to Retention (pHolm = 0.010) and showed a
smaller, near-significant increase from Baseline to Transfer
(pHolm = 0.051).

We did not find significant effects of the Condition and
the Condition×Phase interaction. The post-hoc analysis to
answer H4 did not result in significant differences between the
Perturbation and Perturbation + Visual conditions (Retention:
pHolm = 1.000; Transfer: pHolm = 0.549). A sensitivity analysis
indicated that, with the present sample and variance structure,
the study had 80% power to detect standardized between-
condition effects of approximately d = 0.40 at Retention and
d = 0.48 at Transfer. Observed effect sizes were substantially
smaller (d = 0.02–0.27), suggesting limited power to reliably
detect small effects. Bayesian follow-up analyses provided
moderate evidence in favor of the null for Perturbation versus
Control at Retention (BF01 = 4.95), Perturbation versus Con-
trol at Transfer (BF01 = 5.53), and Perturbation + Visual versus
Perturbation at Retention (BF01 = 4.26). For the remaining
contrasts, evidence was anecdotal (BF01 = 1.65–2.02), so
small condition differences cannot be ruled out.

.C. Effect of Visualization on Motivation and Perceived
Transparency (H3)

For the experimental conditions studied, motivation scores
were not impacted by the condition, phase, or their interaction;
post-hoc comparisons between perturbation conditions did
not yield significant differences (pHolm = 0.504). Perturba-
tion versus Control and Perturbation + Visual versus Control
gave moderate BF01 support for the null, whereas Perturba-
tion + Visual versus Perturbation was inconclusive.

Perceived transparency showed a different pattern (Fig. 7).
Here, the Condition×Training interaction reached significance
for the Perturbation group (β = −1.02, t(30) = −3.05, pHolm =

0.024, d = −1.93), but not for PV (pHolm = 0.933). Post-
hoc analysis indicates that perceived transparency did not
significantly change in the Control (pHolm = 0.446) and PV
groups (pHolm = 0.803) between Baseline and Training, but
significantly decreased in the Perturbation group (∆ = −0.71,
t(33.33) = −2.85, pHolm = 0.022). For the non-significant

Fig. 7. Perceived transparency results. Composite scores for Con-
trol (C), Perturbation (P), and Perturbation + Visual (PV) for Baseline
and Training phases. Points represent individual participants; different
shapes and colors indicate the condition. Boxplots indicate median
and IQR (whiskers = 1.5 IQR). Horizontal bar marks significant contrast
(• pHolm < 0.05).

between-condition contrasts, PV versus Control showed
moderate BF01 support for the null, whereas PV versus Per-
turbation was inconclusive.

IV. DISCUSSION

We tested whether continuous leg-level perturbations, and
visualizing them in VR, could increase lateral gait variability
during Training (H1), translating into better retention and
transfer of a pelvis-control task (H2), without hampering
motivation or perceived transparency compared with non-
visualized perturbations (H3). We further hypothesized that
visualizing perturbations would yield greater performance
benefits than perturbations without visualization (H4).

.A. Perturbations Increased Gait Variability (H1)

As hypothesized, both perturbation conditions significantly
increased step-width variability during training compared to
Baseline, whereas Control did not. These results confirm that
the noise-like thigh-level perturbations successfully increased
variability along this task-relevant dimension (Section II-C).



BERG et al.: INTERPRETABLE FORCE PERTURBATIONS PROMOTE GAIT VARIABILITY 2837

Importantly, adding the force visualization did not reduce the
perturbation-induced increase in step-width variability.

Baseline step-width variability was approximately 26 mm
(SD of step width), consistent with a previous treadmill-VR
study from our group [35]. The perturbations increased step-
width variability by roughly 40–45% relative to Baseline,
a substantially larger effect than the ≈ 15% increase from
subtle avatar-foot disturbances in our previous study [35],
though more comparable to the increases reported for larger
visual-field perturbations [11]. A pre-task familiarization walk
without the exoskeleton or task produced similar step-width
variability (see Supplementary Materials), suggesting that
neither altered baseline lateral gait variability. Whether this
magnitude of variability enrichment falls within a produc-
tive range to enhance learning is discussed in next section
(Section IV-B).

.B. Task Performance Improved After Training,
Regardless of the Training Condition (H2 & H4)

In general, all participants improved their performance
on the pelvis-control task from Baseline to Retention and
Transfer. Bayesian follow-up analyses provided moderate null
support for several between-condition contrasts, while others
remained inconclusive (see Section III). Thus, we did not
find robust evidence that force perturbations benefited task
performance compared to the Control group, even though
these conditions did enhance gait variability (see H1). Several
factors may explain why the variability enrichment confirmed
in H1 did not translate into task-performance advantages. First,
more variability does not necessarily mean better learning.
In a redundant bimanual task, moderate variability increases
(≈ 40%) left learning intact, whereas doubling variability
impaired retention [47]. Our 40–45% increase falls near
the upper end of this tolerable range [2], [47]. At such
levels, the motor system may struggle to consolidate what
it has practiced [31]. Second, perturbation parameters were
fixed across participants and throughout the session, despite
large individual differences in baseline performance, meaning
some participants were likely under-challenged and others
over-challenged. Third, exploration is most valuable early in
learning and should taper as a solution is found [4], [30],
whereas our fixed dose did not allow this.

Beyond the variability–learning relationship, measurement,
and design factors may have further limited our ability to
detect condition-specific advantages. All participants were
trained for a relatively long time, possibly achieving their
maximum attainable skill level (ceiling effect) and thereby
overshadowing any potential benefits of variability-enriched
practice. Additionally, although our primary metric e was
chosen to avoid the clear ceiling effects observed in drop-based
measures (see Supplementary Materials), it does not directly
quantify failures. Participants may have prioritized avoiding
drops and, once that goal was met, tolerated the ball drifting
closer to the edge to make walking more comfortable. This
mismatch likely reduced our ability to detect condition-specific
advantages. Finally, we observed large variability in skill
level among participants, which inflates between-participant

variability and reduces sensitivity to between-condition differ-
ences in performance changes.

We also did not observe condition-specific advantages in
the Transfer test at 120 % of preferred speed, despite walking
faster generally altering stability margins [38], [48], [49].
Beyond the measurement-related limitations noted above, the
Transfer task may have remained too similar to the training
situation. Transfer tasks that more strongly alter the walk-
ing context, such as overground walking [8], [12], [34], or
that involve obstacle-negotiation scenarios (e.g., navigating a
crowd [50]), may be better suited to reveal any added value
of variability-enriched training.

.C. The Visualization of the Forces Mitigated the
Negative Effects of the Perturbations on Perceived
Transparency (H3)

We did not observe a significant decrease in motivation
when perturbations were added during Training, even without
visualization, which contradicts prior literature [18], [19]. This
may reflect the engaging, game-like nature of the ball-in-
cup task and immersive VR setting. Individual differences in
preference for challenge could moderate how perturbations
affect motivation and should be examined in future adaptive-
difficulty schemes.

Perceived transparency showed a clearer pattern. Partici-
pants in the non-visualized Perturbation condition (P) reported
a reduction in perceived transparency from Baseline to
Training, whereas perceived transparency did not change sig-
nificantly in either the Control or PV groups, despite the latter
group experiencing similar perturbation forces. A possible
interpretation, in line with prior work showing that unex-
plained or poorly understood forces can degrade trust and user
acceptance [51], [52], [53], is that perturbations accompanied
by interpretable, body-referenced visual information are easier
to understand and accept. This is supported by findings that
visualizing interaction forces can improve user acceptance
[20], [21]. It is plausible that the force beams helped partici-
pants contextualize that their legs were being perturbed, even
though the perturbations remained unpredictable.

From a motor learning perspective, our results are promis-
ing: variability-enriching perturbations need not come at the
cost of reduced perceived transparency when accompanied by
interpretable feedback. This may be particularly relevant for
multisession interventions or for clinical populations, where
maintaining transparency and motivation is important for train-
ing adherence, and where discomfort may further constrain
what perturbation doses are acceptable [15], [54], [55].

.D. Limitations
Several limitations should be considered when interpreting

these findings. First, all assessments were performed in a
single session on the same day with healthy, young adults
walking on a treadmill in VR. The study therefore cannot
speak to long-term learning or consolidation effects, and it
remains unknown whether the observed effects would extend
over multisession training with longer-term retention tests.
Moreover, the ecological validity of the ball-in-cup task as
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a proxy for real-world gait stability has not been established.
We did not assess transfer to overground walking or functional
measures (e.g., fall risk, walking endurance), so whether the
results would generalize beyond the treadmill-VR setting or
translate to populations with impaired lateral stability remains
an open question.

Second, perceived transparency was assessed only with self-
report questionnaires, which limits the interpretation of our
results. Future work should combine self-reports with objective
measures—e.g., interaction forces, surface Electromyography
(sEMG)—to help explain the mechanism behind the observed
differences in perception, e.g., if the reduction of perceived
transparency was accompanied by an increase of muscle
co-contraction measured through sEMG, known to regulate
movement variability [56].

Third, task difficulty and perturbation strength were held
constant across participants, despite substantial variability in
baseline performance. This likely meant that some participants
were under-challenged and others over-challenged, which can
diminish the differences in learning conditions. Additionally,
our primary performance metric captured the mean distance
from the cup edge while the ball was in the cup. Although
this choice avoided the strong ceiling effects in drop-based
measures, it only partially matched the verbal instruction and
may not fully reflect skill improvements.

Fourth, the perturbations were generated and commanded in
actuator space and then interpreted as mediolateral and antero-
posterior components aligned with the virtual world frame.
Because the linear actuators pivot with the leg, the actual
forces at the thigh cuffs were always applied along the actuator
axes. Additionally, since we did not perform a cuff-level force
calibration, the reported force magnitudes are model-based
estimates. Finally, the modest sample size (30 participants
across three conditions) and substantial baseline variability
likely reduced sensitivity to subtle between-condition differ-
ences, consistent with the inconclusive Bayesian follow-up
results for some contrasts. Smaller or participant-specific
effects may become clearer with larger samples and individu-
alized dosing.

.E. Implications and Future Work

First, continuously varying leg-level perturbations provide
a reliable means to increase lateral gait variability during
treadmill walking, while participants can still improve a pelvis-
centered control task over practice. The combination of a
pelvis-linked task and noise-like leg perturbations provides
a controlled testbed for studying proactive, continuous reg-
ulation of mediolateral stability, complementing traditional
paradigms that primarily train reactive responses [8], [34]. The
task also enforces external attention, which can enhance motor
learning [57], [58]. Under the present single-session protocol,
however, this approach has not yet translated into clear task-
performance advantages over Control.

Second, visualizing the perturbations in an interpretable,
body-referenced manner prevented the reduction in per-
ceived transparency seen with non-visualized perturbations,
while preserving the increase in step-width variability. When

designing variability-enriching perturbations for training or
rehabilitation, adding an interpretable visualization may help
maintain comfort and perceived agency without needing to
weaken the perturbations themselves [40], [59], [60].

To support reproducibility and future extensions, we provide
the complete experimental dataset, all analysis code, and
the Unity assets (ball-in-cup task, perturbation visualization,
signal generation) as open resources (see Section V).

Future work should build on these points in several direc-
tions. Methodologically, adaptive difficulty and perturbation
dosing could be implemented to keep the task appropriately
challenging for each participant, for example, by adjusting cup
arc angle, damping, and pelvis-to-cup gain (Eq. 1) based on
ongoing performance and, potentially, individual characteris-
tics such as preference for challenge [61]. Such schemes would
not only target an individually optimal challenge level but also
enable outcome metrics, such as the highest level of difficulty
maintained without drops, that may be less prone to ceiling
effects than fixed-level performance measures. Experimentally,
extending the protocol to multiple training sessions, adding
longer-term retention tests, incorporating more challenging
transfer tasks (e.g., overground walking, narrow-base walk-
ing, or obstacle negotiation), and analyzing more detailed
dynamic stability metrics and step-to-step structure will help
clarify whether variability-enriched, pelvis-centered training
can yield durable gains in gait adaptability and deepen our
understanding of how these perturbations affect gait control.
Clinically, testing this approach in populations with impaired
lateral stability (e.g., older adults at risk of falls or individuals
after stroke) will be an important next step. The ball-in-cup
task may itself have value as a training tool: it provides
continuous feedback on pelvis regulation, is intuitive, and its
difficulty can be adjusted parametrically. Combined with the
perturbation and visualization components, it could serve as a
platform for pelvis-centered gait training in which difficulty,
variability enrichment, and feedback are each tailored to the
individual. Whether this can meaningfully improve functional
walking outcomes remains to be tested.

.F. Conclusion

This study set out to examine whether continuously vary-
ing leg-level force perturbations can be used to strategically
enrich gait variability during a pelvis-centered VR walking
task, and whether visualizing those perturbations can pre-
serve user experience while maintaining the effectiveness of
the variability manipulation. We found that the perturbations
reliably increased step-width variability during training, and
adding visualization did not diminish this effect. The per-
turbation visualization prevented the reduction in perceived
transparency that occurred when perturbations were applied
without visual feedback, supporting the idea that making
externally applied forces more interpretable can mitigate
user-experience costs. For several key contrasts, Bayesian
analysis provided moderate evidence against differential learn-
ing effects between conditions; for others, the evidence was
inconclusive, and small effects cannot be excluded. We did
not observe clear perturbation-related advantages in improving
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the pelvis-centered VR walking task after training within this
single-session protocol.

Together, a pelvis-linked control task, noise-like leg per-
turbations, and interpretable force visualization provide a
foundation for variability-based gait training that preserves
perceived transparency. Although variability enrichment alone
was not sufficient here to yield superior task learning, future
work with adaptive dosing, multisession training, and more
challenging transfer tasks may clarify when and how this
approach translates into more robust, generalizable gait con-
trol.

V. DATA AVAILABILITY

The complete experimental dataset, all analysis code,
a demonstration video, and instructions for reproducing
their analyses are publicly available on Zenodo (https://
doi.org/10.5281/zenodo.17414637). In addition, this article
has supplementary downloadable material available at https://
doi.org/10.1109/TNSRE.2026.3687639, comprising a detailed
pdf document with additional methodological details, Simulink
models, Unity and signal-generation assets, questionnaire item
lists, and extended statistical results to support deeper insight,
reproducibility, and future extensions of this work.
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