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Abstract

Background During split-belt treadmill walking, neurotypical humans exhibit adaptations characterized by a gradual
decrease in step length asymmetry (SLA) toward or beyond symmetry, whereas individuals with cerebellar damage
do not show these motor adaptations. Neuromusculoskeletal simulations may help to better understand individual
aspects of the underlying neural control, but are currently incapable of predicting adaptations to the continuous
perturbations imposed by split-belt walking.

Methods We extend a spinal reflex model with a biologically inspired model of the cerebellum, which enables error-
based motor adaptation by modulating spinal control parameters in response to mismatches between a continuously
updated internal prediction and actual motor outcomes. In this work, the cerebellum modulates only a single spinal
control parameter, the timing of swing initiation in each leg, which allows examining its isolated contribution to

gait adaptation as all other reflex pathways are held constant. We created 80 s predictive simulations of the model
walking on a split-belt treadmill with a 2:1 belt-speed ratio, and compared predicted spatiotemporal parameters and
kinematics to the reflex-only model and literature.

Results The reflex-only model could walk on the split-belt treadmill, but showed no step length adaptations. In
contrast, the extended model adapted SLA from an initial asymmetric value toward symmetry or beyond, following
an exponential time course similar to that observed in experiments. The model could adapt at varying rates and
converge to different asymmetry levels. We found that, in simulation, SLA adaptation during split-belt walking is
possible without changes in reflex gains, by adapting the timing of swing initiation. The modulation of timing alone
also predicted the experimentally observed exponential adaptation in the temporal domain, but only a linear change
in the spatial domain, indicating that additional control mechanisms are likely required to reproduce the full spatial
adaptation observed in split-belt walking.
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Conclusion We propose a computational model of the cerebellum which, when integrated into a spinal reflex
model, autonomously drives feedforward gait adaptations during split-belt walking. This advances the current state
of predictive simulations and may eventually help to better understand specific adaptation processes. The modular
framework can be extended to test different hypotheses about motor control and adaptation during continuous

perturbation tasks.

Keywords Splitbelt, Neuromusculoskeletal, Simulations, Predictive, Cerebellum, Reflexes, Adaptation, Perturbation,

Gait, Model

Introduction

Humans can effectively adjust their gait in response to
perturbations or environmental alterations [1]. From
a motor control perspective, the observed locomotor
responses result from an interplay of different neural con-
trol processes within the central nervous system (CNS).
Sudden or unexpected perturbations, such as slips, trig-
ger reactive alterations characterized by fast corrective
muscle activations in response to sensory feedback [2, 3].
Repeated or continuous exposure to perturbations leads
to lasting, error-driven modifications of the locomotor
pattern that are associated with motor learning [4, 5].

The most common paradigm for studying locomotor
adaptations is split-belt walking [1, 6], where participants
walk on a treadmill with the two belts moving at differ-
ent speeds. Studies usually employ belt speed ratios such
as 2:1, 3:1 or even 4:1 [7-14]. Initially, the split-belt per-
turbation leads to an immediate change in the gait pat-
tern with noticeable spatiotemporal asymmetries, also
referred to as feedback- or reactive motor response.
However, within several minutes, certain parameters
such as the step length or the double support time, grad-
ually adapt toward symmetry [7] or even beyond [14].
These parameters show after-effects once the perturba-
tion is removed, indicating that the new motor plan has
been stored, and are considered feedforward-controlled
motor adaptations [4, 7, 15]. Feedforward adaptations
thus differ from feedback responses in that they emerge
gradually and reflect changes in the motor plan that per-
sist even after the perturbation is removed, whereas feed-
back-driven responses are rapid, transient corrections
driven directly by ongoing sensory input to maintain sta-
bility [15, 16].

Adaptation studies involving patients with cerebel-
lar damage have highlighted the critical role of the cer-
ebellum in the feedforward adaptation process [15, 17].
Its exact function during motor adaptation is neverthe-
less a topic of ongoing research. One common hypoth-
esis describes the cerebellum as a forward model whose
main functions are sensorimotor prediction and error
processing [18, 19]. This forward model has been pre-
dominantly studied in the context of effector movement
adaptation, particularly in perturbed reaching tasks [20].
The hypothesis suggests that adaptation is driven by a
sensorimotor prediction error which emerges from a

comparison between a predicted and the actual move-
ment outcome, rather than from discrepancies in target
accuracy [21-23]. This error leads to motor corrections
and simultaneously updates the internal model from
which the prediction is derived [22-24], resulting in the
observed feedforward adaptations.

Adaptation during split-belt walking is also considered
an error-based process [15, 25], but the error signal driv-
ing this adaptation is not as clearly defined as in reach-
ing tasks, where the movement goal is specified by a clear
target. Interlimb asymmetry, and particularly step length
asymmetry (SLA), has often been proposed as the error
signal minimized during adaptation, and is commonly
used as a key indicator of the adaptation process [7, 8,
26-28]. However, recent studies have found that indi-
viduals can adapt toward positive SLAs [14], challenging
the notion of SLA minimization as the underlying error
function. Instead, Ishida et al. [29] recently proposed that
step velocity asymmetry (SVA) serves as the primary tar-
get driving adaptation, which aligns with the observed
positive SLAs. They also found that, unlike step length or
step time asymmetry, SVA best satisfied the criteria for
an optimal control target within the framework of the
goal-equivalent manifold, based on their experimental
data.

From a biomechanical standpoint, adaptations are
characterized by both spatial (foot placement, center of
oscillation) and temporal (phasing) adjustments between
the limbs [30-34]. Temporal adaptations occur at a faster
rate than spatial adaptations [26, 31], and real-time feed-
back experiments have suggested a hierarchical relation-
ship in which the changes in the temporal influence the
spatial domain but not vice versa [32]. Studies focused
on muscle activity have further reported adaptations of
activation levels [27, 35, 36] and the temporal structure of
activation patterns [36]. While the kinematics of the fast
and slow leg clearly differ, the individual joint ranges of
motion remain largely unchanged throughout the adapta-
tion period [7, 12]. Most studies report the adaptation of
interlimb parameters. However, gradual changes during
the adaptation period also occur within each limb, such
as adjustments in absolute stance time or in the timing of
transitions between stance subphases, particularly in the
fast leg [7]. For example, we found that the time duration
from the fast leg’s heel strike to swing initiation in the
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same leg increased throughout the adaptation (Fig. 1).
Swing initiation here refers to the onset of hip and knee
flexion and forward leg movement while the foot remains
in contact with the ground [37, 38].

The underlying relationships or causal mechanisms
between all observed adaptation processes are difficult
to determine through experiments, as they often occur in
parallel and interact in complex ways. In human experi-
mental studies [32], it is impossible to selectively block
individual mechanisms completely, and the ability to
probe the function of distinct factors is inherently limited
[39-41]. Predictive neuromusculoskeletal simulations
provide a key advantage over experimental studies by
enabling researchers to isolate and manipulate individual
model or control components to assess their contribu-
tions and address what if? questions [39, 42, 43]. This
capability allows to investigate how the change in a sin-
gle system component, such as a specific reflex or other
model control parameter, contributes to motor adapta-
tion. It also enables the systematic examination of the
functional consequences when adaptation is selectively
absent in specific components, thereby providing deeper
insight into the underlying neural control [39, 43]. Simu-
lations can further be used to test different motor control
objectives or hypotheses [39, 40].

Gait simulations with reflex-controlled neuromuscu-
loskeletal models have been shown to be robust against
different types of mechanical perturbations, such as
slips, trips, or drop-down perturbations. However, these
perturbations are sudden and discrete and trigger fast,
reactive responses [44—46]. In contrast, split-belt tread-
mill walking imposes a continuous and sustained per-
turbation, and induces gradual, cerebellar-driven gait
adaptations over time. Most neuromuscular models
focus on the spinal control of walking [41, 47, 48], which
makes them well-suited for studying reactive responses
to brief perturbations, but inadequate for simulating
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motor learning tasks. Although a few models include
supraspinal control structures [49, 50], none incorporate
essential physiological components such as the cerebel-
lum, which are required to reproduce and study the gait
adaptations observed in split-belt experiments, such as
SLA adaptation.

Recently, other areas have begun to apply cerebellum-
inspired adaptation mechanisms to dynamic models
of locomotion. In robotics, certain aspects of split-belt
locomotor adaptations have been qualitatively repro-
duced using torque-controlled robots [51, 52]. However,
it is challenging to transfer these approaches to neuro-
musculoskeletal models. Furthermore, the insight into
human motor adaptation is limited due to differences in
system dynamics and control. The same applies to the
work by Seethapathi [6], in which changes in SLA were
successfully predicted by adding a reinforcement learner
onto a biped walker. The reinforcement learner acted as
a supraspinal controller and adjusted nominal values of
the biped’s controller to minimize energy. But since step
length was one of the walker’s two control variables, and
a nominal value of step length was also used as input to
the controller and adjusted by the cerebellum, the sim-
ple model can neither explain physiological reasons for
adaptation nor the interaction between the CNS, multi-
segment body dynamics, and the overactuated muscu-
loskeletal system during the adaptation process. There
is one simulation study focusing on gait adaptations
in split-belt walking that uses a neuromusculoskeletal
model [53]. Based on the experimental finding that the
gastrocnemius muscle’s H-reflex is modulated during
adaptation [54], the authors showed with their simula-
tions that an adaptation of the model’s spinal reflex gains
can directly lead to a change in SLA [53]. However, the
changes in reflexes in the simulation, although motivated
by their previous findings, were externally prescribed
as an exponential function, since the model lacked an
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Fig. 1 Example of adaptations that occur during split-belt walking. Experimentally recorded data from a representative participant walking on a split-
belt treadmill with belt speeds of 1 ms~! and 0.5 m s~ The left plot shows the progression of step length asymmetry, calculated stride-by-stride from
left and right step lengths, which are shown in the middle plot. The right plot displays the time interval between heel strike and the beginning of swing
initiation, which we defined as the time point when the distance between the hip and knee joints began to decrease, indicating the onset of knee flexion
and forward leg movement. For details on data recording and computation, refer to S1 File
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internal supraspinal control structure that could inde-
pendently compute them based on the movement.

In this study, we extend a neuromusculoskeletal reflex
model with a supraspinal control layer representing the
cerebellum, which autonomously drives feedforward gait
adaptations during split-belt walking. Changes in control
parameters are not prescribed but emerge from the adap-
tive behavior of the cerebellar model. In our work, we
adopt the theory that cerebellar locomotor adaptations
are an error-driven process [15, 25]. Our cerebellum
model is designed to reflect key physiological functions
of the human cerebellum: it predicts the outcome of
motor commands, compares the prediction to actual sen-
sory feedback, and uses the resulting prediction error to
both adjust outgoing motor signals and update its inter-
nal prediction [18, 19, 22, 23]. The spinal control system
involves a large number of parameters that interact in
complex, nonlinear ways, making it difficult to identify
which ones are adapted by supraspinal structures like
the cerebellum. Thus, even though our computational
cerebellum model is capable of adapting any spinal con-
trol parameter, this work focuses on a single adaptation
mechanism, the timing of swing initiation in each leg. By
restricting adaptation to timing alone and holding reflex
parameters constant, we can test whether reflex changes
are essential for adaptation or whether adaptation can
occur without them, and at the same time isolate the
functional role of timing adaptations to clarify their con-
tribution to gait adaptations. We generate predictive sim-
ulations using single shooting methods to optimize the
asymmetric muscle reflex parameters of a gait controller
and the internal cerebellar parameters for split-belt walk-
ing at a 2:1 belt speed ratio. We test the effectiveness of
the cerebellum model in predicting locomotor adapta-
tions by comparing the SLA at the beginning and end of
the simulation to that of a reflex-based model without the
cerebellum. The extent to which features of locomotor
adaptation are predicted is further assessed by compar-
ing predicted gait parameters to literature. We also ana-
lyze changes in kinematics and muscle activations, and
investigate how much the adaptations affect the spatial
and temporal domains. Eventually, we use our model to
examine the effects of the update rates of the cerebel-
lar internal model and motor commands on step length
adaptation and on the SLA level at the end of adaptation.

The integration of the cerebellum model led to SLA
adaptations in the reflex model similar to those reported
in experiments. We show that, in simulation, SLA adap-
tation during the split-belt walking period is possible
without reflex gain changes, though only by adapting the
timing of gait phases. However, our results also suggest
that the adaptation of additional control mechanisms,
like reflexes, may be necessary to fully reproduce the
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exponential changes observed in the spatial domain of
human split-belt adaptation.

Materials and methods

All simulations are conducted in SCONE [43] (version
2.3.1), an optimization and control framework for predic-
tive simulations, and with Hyfydy [55] as the dynamics
engine. Our extended model has a hierarchical control
structure consisting of a spinal and supraspinal level,
which interact with the musculoskeletal system. The spi-
nal layer computes neural muscle excitation signals based
on delayed sensory feedback. These excitations are then
translated into muscle forces in the musculoskeletal layer
using virtual muscle representations. The supraspinal
level, representing the cerebellum, continuously adjusts
the spinal control based on an error signal while simulta-
neously updating its internal model. An overview of the
approach is given in Fig. 2. The free controller parameters
are found by minimizing a multi-objective cost function
representing CNS movement goals, but this cost func-
tion is distinct from the cerebellar error-based adaptation
process. In the following sections, the different layers
are described in more detail together with the treadmill
objective function and the optimization protocol.

Musculoskeletal and treadmill model

The two-dimensional sagittal musculoskeletal model
is based on the work from Delp [57] with updates from
Rajagopal [58]. It is distributed through SCONE and
includes a pelvis-trunk segment and two legs, each com-
posed of thigh, shank, and foot. The body segments are
connected via six pin joints representing the hip, knee,
and ankle joints. A 3-degree of freedom joint between
the pelvis and ground allows for translation in the ante-
rior-posterior and vertical directions and for pelvis tilt,
resulting in a total of 9 degrees of freedom for the entire
model. The lumbar joint is locked at 8.5° of flexion. Each
leg is actuated by seven Hill-type muscle-tendon units
[59] that represent the major limb muscle groups: ham-
strings (HAM), gluteus maximus (GLU), iliopsoas (IL),
vasti (VAS), gastrocnemius (GAS), soleus (SOL), and tib-
ialis anterior (TA).

The treadmill model consists of two belts atop the
ground. Each belt is modeled as box-shaped contact
geometry that could move in the anterior-posterior
direction at a predefined speed. Ground reaction forces
between the feet and the treadmill belts are computed
using the nonlinear Hunt-Crossley contact model [60]
and two contact spheres per foot, one at the heel and one
at the toes.

Spinal reflex control
The spinal control is based on the reflex-based gait con-
troller from Geyer and Herr [56] (Fig. 3). Spinal reflexes
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Fig.2 Overview of the spinal and supraspinal control interaction of the extended reflex model. The reflex model has a spinal gait controller based on [56].
A state machine selects the active reflexes based on the current model state, which can be early stance (ES), mid-stance (MS), pre-swing (PS), swing (SW),
or landing preparation (LP). The cerebellum compares the motor output y (step velocity asymmetry in our model) to a predicted output g, which is gen-
erated from an internal representation. Both spinal control and internal prediction are updated based on the partial derivatives of the error with respect
to the step velocities SV and to ¢, at rates 8 and «, respectively. In this study, the modulated spinal parameter is the beginning of the pre-swing phase
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Fig. 3 The spinal controller computes muscle excitations from different
control laws, which are activated based on a state machine. The state ma-
chine determines whether the model is in early stance (ES), mid-stance
(MS), pre-swing (PS), swing (SW), or landing preparation (LP). Low-level
control laws include muscle force feedback (F), muscle length feedback
(L), proportional-derivative control based on the pelvis tilt (PD), or a con-
stant signal (C). The (+) and (-) indicate positive and negative feedback. The
subscript means that the signal is received from the respective muscle, if
there is no subscript the feedback law acts on the same muscle that it is
based on

translate sensory information into muscle excitation sig-
nals via c-motorneurons [56, 61]. Our reflex loops incor-
porate both muscle force and muscle length information,
representing the sensory feedback from the Golgi tendon
organs and muscle spindles [61]. The trunk is stabilized
with proportional-derivative (PD) control as proposed
in [41, 48, 61]. In addition, there are certain constant
feedforward muscle excitation signals [56]. The control

loops are subject to neural delays that range from 5 ms
to 20 ms depending on the distance the signal must travel
along the nerves between the muscle and the spinal cord.
A mathematical description of the spinal control laws is
provided in S4 File.

Reflexes are generally phase-dependent, meaning they
are inhibited or activated during certain periods of the
gait cycle [62]. This phase dependency is realized by a
state machine that, based on the model’s current state,
activates selected spinal reflexes. The possible states for
each leg correspond to subphases of the gait cycle: early
stance (ES), mid-stance (MS), pre-swing (PS), swing
(SW), and landing preparation (LP) [41]. The transition
between states is based on established thresholds [48,
63, 64] with one modification that concerns the switch
from mid-stance to pre-swing. In simulations of normal
walking, this transition, which marks the start of swing
initiation, occurs at the moment of contralateral heel
strike [63]. However, we found this trigger to be insuffi-
cient in simulating split-belt walking, as initiating swing
strictly at contralateral heel strike prevents variations
in double support duration and limits the model’s abil-
ity to capture changes in interlimb phasing and timing.
Therefore, we introduced an alternative swing-initiation
threshold ¢, defined as a certain delay after the ipsilateral
heel strike, as the trigger for the spinal controller to enter
pre-swing state. In our work, ¢ thus represents the dura-
tion between a leg’s heel strike and the start of swing ini-
tiation and is a free spinal control parameter included in
the optimization.
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Cerebellum model

In this study, we adopted the theory of sensory predic-
tion errors driving adaptation and applied it to locomo-
tion. We developed a cerebellar model that maintains an
internal prediction, which is updated using prediction
errors, and adjusts locomotor patterns based on the error
signal. Locomotor adaptation in our framework is thus
driven by minimizing asymmetry-related errors rather
than optimizing energy expenditure. In this work, we
used SVA as the error signal [29]. The cerebellum com-
putes the sensorimotor error e as the squared difference
between a predicted and the actual observed SVA:

e = 0.5(SVAprea — SVA)?, 1)

where

o Svfast - SVslow

SVGA= —————
Svfast + SVslow

()

During normal walking, this error signal is zero and no
motor corrections are made. At the start of the split-
belt perturbation, the error increases, leading to subse-
quent movement corrections. SVi,sy and SV, denote
the step velocities of the legs on the fast and the slow
belt, respectively. Step velocity is computed as the ratio
between step length / and step time d of the respective
leg [29]:

lfast/slow

SVfast/slow = (3)

dfast /slow

The step lengths are computed as the anterior-posterior
distance between both feet at the respective heel strikes
(HS) [7], where the calcaneus center of mass (COM) is
used to calculate the foot position. Step time for each
limb is defined as the time interval between the heel
strike of the contralateral limb and the heel strike of the
respective limb (e.g., for the slow leg, from fast HS to
slow HS) [29]. The observed SVA is updated after every
HS.

The prediction [65], as well as the control signals, are
updated based on the error via gradient descent shortly
after every HS. For the prediction, this corresponds to
an update in the direction of the negative gradient of the
error with respect to its current value:

Oe
SVApred = SVApred — O{m (4-)
Oe
m = SVAprcd — SVA, (5)
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where « is the cerebellar learning rate. The initial value of
SVA_,cq is set to zero, corresponding to symmetric walk-
ing during baseline tied-belt conditions where no adapta-
tions happen.

The motor control signals are updated in a similar gra-
dient descent manner. In our study, we adapt only tim-
ing-related spinal control signals, specifically the start
of swing initiation. Accordingly, our cerebellum model
adjusts the threshold ¢ of each leg, which controls the
timing of the leg’s transition from mid-stance to pre-
swing. The magnitude of each update is dependent on the
gradient of the error with respect to the step velocity of
the corresponding limb, scaled by the adaptation rate 3.
The left and right threshold parameters Zgiow /fast Of the
state machine are individually apdated, but based on a
single adaptation rate 3 that is shared across both legs:

t t g% ©)
slow/fast — Uslow/fast —
8SVslow/fast
de 25Vt (SViiow = SViast + SVApred (SVitow + SViast)) (7)
OSVaow (SVsiow + SViast)? ’
de
OSViast

 25Vaon(SVatow — $Vinst + VA pea (SVaiow + Vi) (S
(SVgiow + SViast)? '

The cerebellar learning rate o and the adaptation rate /3
are free controller parameters that are optimized. Since
the swing initiation thresholds #gow /st are part of the
spinal controller, their initial values are also found via
optimization. Unlike the approach in [51], our method
enables the individual adaptation of both limbs using a
single adaptation rate and a single prediction.

Objective function for treadmill walking

All commonly used objective functions are designed
for overground walking, where the ground is stationary
and the body moves. These functions cannot be directly
applied to treadmill walking, where the COM remains
relatively stationary while the treadmill belts move
beneath the body. We therefore designed a tiered objec-
tive function J, specifically tailored for treadmill walking,
which is sought to be minimized:

1={7
Jeﬁ + /wupjub + Jdofs + /wpostos

if J; >0
it =0

All weight factors w; are shown in Table 1. The primary
objective J; is used to find an initial solution for the
model to maintain its position on the treadmill through-
out the desired simulation period tqes without falling,
being dragged backward, or moving forward excessively:
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Table 1 Weight factors of the individual objective terms

Wyub Wmet Wact Wankle Wknee
0.05 100 0.001 20 0.1 0.01

The weight factors were selected based on a combination of existing
recommendations through SCONE and iterative empirical adjustments
necessary to achieve a stable and physiological gait pattern under treadmill
and split-belt conditions. Since all objective terms are in different units, a higher
weight is not necessarily an indication of higher importance of the respective
term

Wpos

if tend = tdes

otherwise, (10)

Jy = { g(zoﬂ
where tcnq is the total integration time, which continues
until the desired simulation time is reached or early stop-
ping is triggered. This happens when the model’s vertical
COM drops below 85 % of its initial position (indicating
that the model has fallen) or when the anterior-posterior
pelvis COM deviates more than 10 m from its initial
position.

Once this base condition is met (J; = 0), a different
set of objective terms is evaluated. It consists of sev-
eral objectives and physiological constraints relevant to
human gait in general, and one specifically for treadmill
walking, which ensures that the model's COM remains
stationary in the global coordinate system. The objective
function is designed to represent the overall goal of walk-
ing, assuming that the CNS selects gait patterns that are
energetically efficient [66] while simultaneously satisfy-
ing other relevant criteria such as stability, or task-spe-
cific demands [41, 48, 67]. Specifically, Jo.g minimizes the
metabolic rate F as defined in [68] and the cubed muscle
activations a of the model:

end

. 1 /[t
Je = meE act 7 5 11
ff = Wmet L + W tM/O (11)

> (@),

where M is the number of muscles and wyet and Wacg
are weighting factors. The second term, .J,p penalizes
excessive upper body and head motion [69], by applying
a penalty of 100 whenever the absolute pelvis tilt veloc-
ity exceeds 10°s7 1. Jgofs prevents hyperflexion and over-
extension of the ankle joints by penalizing the respective
joint angle o exceeding a range [min 'max], Which was
[—60°, 60°] in our case [70, 71]. Additionally, non-phys-
iological knee motions are prevented by minimizing the
knee limit torque T caused by the virtual passive knee
ligaments [48].

tend
Jdofs = wankle/ (1312eft + ]Drzight)dtL
0 (12)

tend
+ Wknee / (z—ieft + Tright)dt
0
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lf Omin < & < Omax
if @ < amin
if @ > amax

0
P = Qmin — & (13)

& — Qmax

Finally, J;,s is included in the objective to keep the model
in a stationary position, since treadmills have spatial con-
straints that limit forward or backward movement:

JPOS = |COMXHS3 - COMXHSend " (14)
where COMxps, and COMxpysg,,, are the model’s ante-
rior-posterior COM position at the third HS and last HS
of the same leg, respectively. We used the third instead of
the first HS in the objective to allow the model to stabi-
lize first [72].

Generation of split-belt simulations

Our spinal controller was parameterized by 64 free
parameters (62 reflex controller parameters (see S4 File)
and the left and right threshold parameters ¢ from the
state machine). The cerebellum model had two additional
free parameters, the learning rate a and adaptation rate
B, resulting in 66 free parameters for the extended model.

The covariance matrix adaptation evolution strategy
(CMA-ES) [73] was used to optimize these variables.
Similar to other studies, we set the CMA-ES parameters
to have a population size A of 16 and an initial step size
o of 1 [61]. The optimizations terminated either after a
maximum number of generations [41] or when the fit-
ness no longer improved, which was the case if the objec-
tive function averaged over a window of 500 generations
decreased less than le —4 [70, 74]. The initial general-
ized coordinates and velocities of the model were set, but
not optimized. Initial muscle activations and correspond-
ing muscle states were computed automatically during
SCONE’s internal initialization. In this process, the first
muscle activations were determined by applying the gait
controller’s control laws to muscle-tendon lengths and
forces obtained through equilibration of the muscle-ten-
don dynamics based on default minimal activations. The
corresponding initial muscle states were then determined
by re-equilibrating based on these newly computed mus-
cle activations.

To find an initial guess for the muscle reflex parameters
of the spinal controller for split-belt walking with a 2:1
belt speed ratio, we generated multiple predictive simu-
lations, starting with both belts running with 1 ms~!
and gradually reducing the right belt speed to 0.5 ms~!
in increments of 0.1 ms™!. For each speed ratio, the best
result from the previous optimization was used as the
initial guess for the next, enabling the model to maintain
stable walking while increasing belt speed asymmetry.
However, when the 2:1 belt speed ratio was reached, the
resulting gait pattern did not exhibit the same level of
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asymmetry observed in humans at the start of the split-
belt perturbation. This discrepancy likely results from the
noisy, non-convex optimization landscape [41], in which
local optima can prevent the optimizer from reaching
more distant regions of the parameter space that would
result in more asymmetric gait patterns [75]. To better
approximate the initial behavior seen in human split-
belt walking, we thus manually readjusted selected reflex
values, specifically the GAS and SOL force reflex gains
during the stance phase, as well as the IL length reflex,
because these parameters have been shown to influence
step length [61]. We reran the optimization with belt
speeds set to the 2:1 ratio and the adjusted initial guess,
and the resulting optimized values were used as the ini-
tial guess for all subsequent simulations of the split-belt
adaptation period.

Eventually, we generated separate 80 s simulations for
the reflex-only and the reflex model extended by the cer-
ebellum. To simulate the adaptation phase, the belt-speed
ratio of all simulations was set to a 2:1 belt-speed ratio,
with the left belt running at 1 ms~! and the right belt at
0.5 ms~!. These speeds were chosen based on their pre-
vious use in experimental studies. In human experiments,
the adaptation phase typically lasts around five to ten
minutes, but due to the high computational cost of pre-
dictive simulations, we limited the maximum duration
of our simulations to 80 s. Given the stochastic nature
of CMA-ES and the highly nonlinear and non-convex
search space [41], we ran ten parallel optimizations with
different random seeds for both configurations, using the
same previously determined initial guess and a maximum
of 1500 generations. The first gait cycle of the 80 s simu-
lations was excluded from the analysis [48, 72].

Our cerebellum model is parameterized by the learn-
ing rate o and adaptation rate 3, where a defines the rate
at which the cerebellum’s internal prediction is updated,
and 3 determines the extent to which the motor control
parameter is updated. In the main simulations, the initial
values for these parameters were set to a = 0.002 and
B = 0.02, respectively. We ran 12 additional optimiza-
tions with different learning and adaptation rate com-
binations to explicitly investigate the interplay between
the two parameters. In these, we fixed the adaptation
rate to either a low value (8 = 0.01) or a high value
(8 = 0.04), while simultaneously setting the initial guess
for the learning rate to either a low value (o = 0.01) or
a high value (o = 0.05). The reflex parameters were still
optimized. We conducted three parallel optimizations for
each of these four combinations with a maximum 80 s
simulation length.

Evaluation
We test the effectiveness of our cerebellum model by
comparing the SLA between the reflex-only model and
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the model with the cerebellum. Therefore, for every sim-
ulation, we computed the SLA per stride as the difference
between the fast and slow step lengths divided by their
sum [7]. The parameters were averaged on a stride-by-
stride basis across all respective parallel simulations. The
number of strides varied across simulations; therefore, if
one simulation had more strides than others, only its final
stride was excluded to ensure that averaging across simu-
lations on a stride-by-stride basis always included data
from at least two simulations. For the simulations with
the cerebellum, we additionally decomposed the result-
ing movements into spatial and temporal components,
as proposed by Malone and Bastian [31], to better under-
stand the effect of adapting only the timing of liftoff. The
spatial component, defined as the difference between the
centers of oscillation of the fast and slow legs, was calcu-
lated stride-by-stride by subtracting the center of oscil-
lation of the fast leg from that of the slow leg. The center
of oscillation for each leg was determined as the mean of
the limb angle at heel strike and toe-off. In our case, the
limb angle was computed as the angle between a verti-
cal line and the vector from the pelvis COM to the cal-
caneus COM. The temporal component, representing the
phasing between the legs, was computed for each stride
as the lag time at the peak cross-correlation of the fast
and slow limb angle trajectories, normalized to the stride
duration, with the slow leg serving as the reference. For
details about the computation, we refer to [31, 76]. To
assess the effect of SLA adaptation on the kinematics,
the slow and fast legs’ hip, knee, and ankle joint kinemat-
ics of the solutions with cerebellum were normalized to
the percentage of the stride and compared between the
beginning and end of the simulations, corresponding to
early adaptation (EA) and late adaptation (LA). Finally, to
evaluate the similarity of our simulations to experimental
gait, we calculated the normalized cross-correlation coef-
ficient (NCC) [77], which assesses waveform similarity,
and the root-mean-squared error (RMSE), which quanti-
fies the absolute deviation, between the average EA and
LA gait cycles from the simulations and our participant’s
kinematic data. We also analyze the peak muscle activa-
tions of each muscle during EA and LA for both legs. The
code and results of this study are publicly available at http
s://simtk.org/projects/splitbelt, allowing others to replica
te our work and build on it.

Statistical analysis

Statistical analyses were performed using the average of
the first three strides, corresponding to EA, and the last
three steps, corresponding to LA. To assess the effect of
the cerebellum model, we conducted a mixed ANOVA
with SLA as the dependent variable, time (EA, LA) as
the within-subject factor, and simulation type (cer-
ebellum/no cerebellum) as the between-subject factor,
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mill walking at a 2:1 speed ratio. All values are averaged over the 80 s simulations, with the bars representing the standard deviation

testing the hypothesis that adaptation during the split-
belt period occurs only in the simulations with the cer-
ebellum. Where significant effects were found, pairwise
post-hoc comparisons were performed. To quantify the
time course of the adaptations, we fit exponential decay
functions y = a — b- e~*/¢ [7] to the left and right step
length, where s is the stride number, ¢ quantifies the
adaptation rate and |b| the amount of adaptation. Since
we hypothesized that the fast step length would adapt
more than the slow step length (Fig. 1), we conducted a
one-sided t-test comparing |b| between both legs. For the
spatial and temporal adaptation, we used paired t-tests
to compare EA and LA center-of-oscillation and limb
phasing values, respectively. For all tests, we set the sig-
nificance level to 0.05. We applied Bonferroni correction
to correct the p-values where multiple comparisons were
performed.

Results

The model was able to maintain a stable walking pattern
for all 80 s simulations and showed adaptation patterns
when extended with the cerebellum. Videos of a repre-
sentative 2:1 split-belt walking simulation, both with and
without the cerebellum model, are provided in S2 Video
and S3 Video, respectively. Within the manuscript, we
concentrate on the predicted gait patterns as the most
relevant outcome of predictive simulations. Internal cer-
ebellar parameters and variables are provided in S5 File.

SLA adaptation in models with and without cerebellum

Simulations with the cerebellum model demonstrated
a gradual adaptation of SLA, starting at —0.17 at the
beginning of the adaptation and improving to —0.03
by the end (Fig. 4). In contrast, when the cerebellum
was not included, the step lengths remained asym-
metric at around —0.15 throughout the entire simula-
tion period (Fig. 5). ANOVA revealed significant main
effects of time (Fy 13 =78.22, p <0.001) and group
(F118 = 11.74, p = 0.003), as well as a significant time
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x group interaction (F} ;3 = 100.13, p < 0.001). Post-
hoc comparisons confirmed a significant decrease in
SLA from start to end across time (t19 = 3.55,p = 0.009)
and a significant difference between cerebellum and no-
cerebellum simulations (t15 = 3.43,p = 0.012). At the
end of adaptation, the SLA differed significantly between
groups (t1s5 = 8.12,p < 0.001), while no difference was
observed at the start (t15 = —0.88, p = 1.0). These find-
ings show that SLA adaptations occured with the cer-
ebellum model, but not with the spinal controller alone.
Our results are consistent with experimental findings
from studies involving healthy participants and patients
with cerebellar damage [15], where patients exhibit an
asymmetric gait pattern at the onset of the split-belt per-
turbation but do not show adaptations over time. The
adaptation pattern is similar to what is reported in [30,
78], with a high SLA change rate during the first strides
that decreases over time.

As hypothesized, the adaptation magnitude |b| was sig-
nificantly greater for the fast step length than for the slow
step length (t9 = 3.17, p = 0.006). Correspondingly, step
length increased for the fast leg from 0.37 m to 0.45 m
and decreased slightly for the slow leg from 0.51 m to
0.48 m, consistent with previous reports indicating that
the fast leg contributes more strongly to adaptation [7,
79, 80].

Spatial and temporal adapatations

The center of oscillation difference and limb phas-
ing showed significant changes between EA and LA
(tg = 3.19,p = 0.022;t9 = 5.88,p < 0.001, respectively)
(Fig. 6). Thus, both spatial and temporal components
contributed to the SLA adaptation caused by isolated
modulation of the swing initiation threshold. This sup-
ports the idea of a hierarchical relationship between the
temporal and spatial domains, with temporal adjustments
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affecting spatial parameters [32]. Our simulated limb
phasing qualitatively aligns with experimental findings,
in which the phasing was out of phase at the start of the
adaptation period, with the fast leg leading the slow leg,
before rapidly returning toward baseline [31]. However,
the simulated center of oscillation difference decreased
rather linearly, in contrast to the exponential decay typi-
cally seen in humans [31].

Validity and adaptation of kinematics and muscle
activations

The shape of the simulated hip and knee joint angle tra-
jectories during EA and LA (Fig. 7) matched the repre-
sentative experimental data well, with all NCC values
above 0.77, and all values for the fast leg even above 0.96
(Table 1 from S6 File). The slightly lower NCC values in
the slow limb were likely due to the straight knee during
stance and the increased hip flexion during swing. While
the slow ankle also showed good agreement (NCC >0.7),
only the fast ankle waveform deviated strongly from the
experimental pattern (NCC < 0.13). The RMSE values
ranged between 5.3° (slow ankle LA) and 14.9° (slow
hip LA), indicating an offset in certain absolute joint
angle values from the experimental data (S6 File). In
humans, the shift from symmetric walking to split-belt
walking induces asymmetries between the kinematics of
both limbs, particularly at the ankle joint [81], whereas
the kinematics of each joint remain largely unchanged
throughout the 2:1 split-belt perturbation period [12].
This is well reflected by our model, as all kinematic tra-
jectories differed between the fast and slow limb, but
showed little changes over time (most range of motion
differences between EA and LA < 1.5° only for slow
knee 3.3°). The timing of peak hip and knee flexion and
ankle plantarflexion during toe-off qualitatively matched
experimental observations, including the slight phase
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Fig. 6 Spatial and temporal adaptation components. The spatial (left plot) and temporal (right plot) components are defined as the center of oscillation
difference between the limbs and the interlimb phase, respectively, with the latter computed as the lag time at the peak correlation of each cycle [31].
The baseline values for symmetric walking are 0° for the center of oscillation difference and 0.5 for the limb phasing. The values are averaged over the ten
80 s simulations with the cerebellum, with the bars representing the standard deviation
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shifts over time: peaks occurred slightly earlier in the
slow leg and later in the fast leg during LA, consistent
with our participant’s data and previous reports [7].

Most peak muscle activations showed differences
between the slow and fast limbs, consistent with lit-
erature reporting distinct adjustments to the split-belt
condition in each leg [35, 36]. Only the gastrocnemius
reached its maximal activation in both limbs, with pat-
terns showing saturation at this level (S6 File), which
hints at an underestimated maximum muscle force. Simi-
lar to experimental findings, lower limb muscle activity

was generally higher in the fast leg compared to the slow
leg [35, 36, 82], although it has also been suggested that
for the upper limb, vastus activity in the slow leg may
exceed that of the fast leg [35]. Most muscle activation
patterns were similar between early and late adaptation,
as expected given the absence of reflex gain adaptation,
though the fast vasti showed a noticeable increase in
peak activation in LA compared to EA. This likely reflects
the increased knee extension moment due to longer step
lengths, resulting in greater vasti force, which in turn
drives stronger reflex activation despite unchanged reflex
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gain settings. Increased peak vasti activations for increas-
ing step lengths have also been observed elsewhere [61,
83].

Interplay between learning rate and adaptation rate

The adaptation pattern in our simulations was influenced
by both the adaptation and learning rates (Fig. 8). For a
given adaptation rate, the learning rate determined the
SLA level to which the model converged in LA, with
lower learning rates resulting in a more positive SLA.
The combination of high adaptation and low learning
rate even reached a positive SLA level. Conversely, for a
fixed learning rate, the adaptation rate affected the speed
of adaptation, where higher adaptation rates resulted in
a steeper initial increase of SLA during the first strides.
In our model, the final asymmetry level is reached when
the cerebellar error signal becomes zero, signaling that
the model has established a new internal equilibrium or
"new normal." How fast this occurs depends on the spe-
cific combination of adaptation and learning rates. The
high learning rate condition led to rapid convergence for
both adaptation rates. Notably, even the low adaptation
rate combined with a high learning rate achieved fast
convergence. In contrast, the combination of low adapta-
tion and low learning rates resulted in noticeably slower
convergence between prediction and observation. In this
case, the cerebellar error signal-and thus the adaptation—
did not fully resolve within the 80 strides simulated (see
Fig 3 from S5 File). Jacobsen and Ferris [84] have shown
that fast and slow adapters exist and that these groups
are related to differences in brain activity. The adaptation
curves that they found experimentally for fast- and slow-
adapting individuals qualitatively match our results for
high and low adaptation rates with a low learning rate,
in the sense that fast learners show a more exponential
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adaptation curve and reach a steady-state level of SLA
with fewer steps than slow learners.

Discussion

We proposed a biologically inspired model of the cer-
ebellum that learned from prediction errors and could be
integrated with a commonly used spinal reflex model as
a supraspinal control layer that autonomously generated
feedforward adaptations. When combined, the model
exhibited SLA adaptations consistent with human split-
belt walking behavior, while the spinal reflex-only model
was able to walk on the split-belt treadmill but showed
no adaptations. The extended model could adapt at dif-
ferent exponential rates and converge to different SLA
levels, including positive values, reflecting the variability
observed across individuals in experimental data.

Our work complements the split-belt simulation study
by Refy et al. [53], who showed that reflex gain changes
during split-belt walking could cause SLA adaptations.
Here, we found that SLA adaptation could also be driven
by the modulation of timing alone, and that, in simula-
tion, reflex changes were not necessarily required for
step length adaptations during split-belt walking. Only
the initial asymmetries at the beginning of the split-belt
period did require adjustments in reflex parameters rela-
tive to symmetric walking to stabilize gait, which was the
same for Refy. Even though we prohibited feedforward
reflex modulations in our experiments, we do not want
to contradict that reflexes change during split-belt expo-
sure, especially since the gastrocnemius H-reflex, and
also muscle activations, which are a consequence of the
spinal reflexes, have also been shown to adapt in experi-
mental studies [36, 54]. Instead, we used the simulations
to focus on a single mechanism and isolate its contribu-
tion to SLA adaptation. From the work, we cannot con-
clude whether one mechanism is correct over the other,
and split-belt adaptations may be the result of a combina-
tion of both reflex changes and timing adaptations.

Neuromusculoskeletal simulations are a powerful tool
for determining the individual contribution of interde-
pendent and co-occurring processes. With our simula-
tions, we were able to investigate the role of gait timing
adaptation, specifically the start of swing initiation, while
blocking reflex changes during the split-belt exposure.
Decomposing the simulations into spatial and temporal
components showed that restricting adaptation to timing
changes resulted in exponential changes in the temporal
domain, but only linear changes in the spatial domain. In
human experiments, both domains typically adapt expo-
nentially, albeit at different rates. The fact that the spatial
domain changed at all, despite only altering timing, may
support the proposed hierarchical relationship between
temporal and spatial control [32]. The results further sug-
gest that additional control mechanisms, such as reflex
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gain changes, may be required to reproduce the full spa-
tial adaptation observed in humans.

We model cerebellar adaptations as an error-driven
process. While this is supported by many studies [7, 26,
29, 85], locomotor adaptation has also been attributed to
energy optimization [6, 86]. During split-belt walking, the
gradual SLA reduction is accompanied by a reduction in
mechanical work performed by the legs [87] and a reduc-
tion in whole-body metabolic cost, likely driven by a
reduction of muscle activity [27]. In addition, humans can
learn to accept the assistance from the split-belt treadmill
and converge to positive SLA values that are energetically
advantageous [13, 14], even though they do not reach the
same extensive levels that are predicted as optimal [40].
While it is indubitably true that muscle activations and
metabolic cost, which increase at the onset of the split-
belt perturbation, decrease throughout the adaptation
period, it remains unclear if the cerebellum is involved
in these changes. Seethapathi et al. [6] have adopted this
theory of energy minimization driving locomotor adap-
tations and successfully predicted human-like SLA adap-
tations beyond symmetry in a biped walker. However,
because step length was a direct control variable of the
model, and a nominal step length value was both an input
to the controller and updated during adaptation, this
finding primarily reaffirms that positive SLAs are ener-
getically beneficial. In our work, we assume that energy
minimization is not cerebellar-driven, but rather a sepa-
rate process within the CNS that contributes to adapta-
tion. This perspective is supported by studies reporting
no direct relationship between spatiotemporal adapta-
tions and energy reduction [10, 78]. Furthermore, in a
study in which the participants’ energetic landscape dur-
ing tied-belt walking was altered, the participants did not
automatically alter their gait to reach the more economi-
cal walking pattern [66], which should have happened,
though, if energy was considered the error function of
the cerebellum. We have incorporated an effort term into
the objective function to reflect the human preference for
energy-efficient gait patterns, but this does not alter the
fundamentally error-driven nature of cerebellar adapta-
tion in our model.

The error in our cerebellum model was computed from
the difference between a predicted and observed SVA.
SVA has recently been proposed as the potential target
function on split-belt adaptations [29]. It overcomes the
limitation that a minimization of SLA, which has often
been considered the error signal, would never yield posi-
tive SLAs as experimentally observed [6, 14] and that
symmetric step lengths are not energetically optimal [86].
Indeed, our model was able to converge to a positive SLA
level when the adaptation rate was high, but it would also
converge to slightly negative SLA levels in other simula-
tions. In contrast, when we used SLA as the error metric,
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the simulations never reached symmetry or positive SLA
values. This shows that the target function proposed by
Ishida et al., which was derived from the goal-equivalent
manifold and is related to decreasing kinetic energy [29],
works, also in simulation. However, other potential error
metrics, such as the minimization of double support
time, could still be tested.

Closely related to the definition of the error signal is
the structure of the prediction and error computation in
our cerebellum model. We used one interlimb error met-
ric, from which the updates for both limbs were derived
in a gradient-based manner. This is different from Fujiki
et al. [51], who computed a distinct intralimb error for
each limb and directly used the error in calculating the
duty factor of the respective robotic leg. Malone et al.
[26] even proposed different error metrics for spatial and
temporal adaptations, based on the long-held assumption
that these two domains are controlled independently,
even though recent studies have challenged this view
[32].

In our work, we used the same adaptation rate for both
limbs. Even though this captured the experimental find-
ing that the fast leg contributes more to SLA adaptation
than the slow leg, separate control circuits may exist for
the left and right legs. In mice, temporal adaptation was
only impaired when chemogenetic manipulation was
applied to the cerebellar hemisphere on the same side
as the leg undergoing the speed change, but not when
the opposite side was targeted [85]. The presence of two
neural circuits for left and right, rather than a single one,
might also explain why the predicted swing initiation
threshold of the slow leg in our simulations qualitatively
showed more pronounced changes than suggested by
the experimental data, and should be tested in follow-up
studies.

The biological interpretation and validity of the learn-
ing and adaptation rate in our computational model
remain open to discussion. Depending on the rates,
our model predicted differences in the SLA adaptation
curves, which have also been observed experimentally.
While Jacobsen et al. [84] attributed such differences to
fast and slow learners, another study suggests that adap-
tation rates, and consequently the differences in the
exponential decrease of error, can be influenced by prior
experience [88]. Applied to this study, this would mean
that the adaptation rate in our model could either remain
fixed for a given individual or vary with context. Another
question that arises and should further be investigated is
whether the update rate of the cerebellar prediction and
the update rate of motor commands are actually sepa-
rable in humans, as proposed in our work, and can thus
be modulated or trained independently, or if they are
inherently linked. Ultimately, our cerebellum model is a
computational abstraction of the much more complex
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biological structure, meaning that the concept of a single
learning and adaptation rate, while effective in simula-
tion, will likely not correspond exactly to reality.

While the waveforms of the predicted joint kinemat-
ics and their differences between EA and LA were mostly
similar to experimental data, the fast ankle joint trajec-
tory, as well as the RMSEs, displayed some deviations.
There are multiple potential reasons for this, such as the
design of the spinal controller, which may not be ideally
suited for split-belt treadmill walking, or the objective
function that we used to optimize the spinal param-
eters. While the objective function incorporated differ-
ent aspects relevant for human gait, we cannot be certain
that these terms are equally relevant for split-belt walk-
ing. It has been shown, for example, that maintaining sta-
bility against the continuous perturbation induced by the
two belt speeds is particularly relevant in split-belt walk-
ing [89], specifically at the beginning of the exposure [78].
However, those kinematic deviations do not affect our
primary finding, which was the ability of our cerebellum
model to predict locomotor adaptation in a reflex model.
Notably, there is also other modeling work that success-
fully predicted gait changes, for instance, in patients with
neural impairments [48, 70] or due to sensory modula-
tion [61], despite observed mismatches to experimental
joint-level kinematics. Future efforts should, however,
be dedicated to improving the spinal control part of the
model to further enhance the realism of the predicted
adaptations.

Our study has several limitations. One limitation is
that we had to manually readjust certain reflex gains
when determining the initial guess for the final simula-
tions, as the parameter regions leading to experimentally
observed asymmetry levels were not reached automati-
cally. However, it is not uncommon in predictive simula-
tions that the initial guess is tuned by hand, specifically
for novel tasks for which no previous solution is available
[50, 56, 90]. Other studies do not report the initial guess
at all, which suggests that manual tuning may also have
been used in those cases [91, 92]. Nevertheless, more
elaborate methods might be applied to find a good initial
guess, such as an imitation objective that finds the initial
guess parameters by minimizing the difference between
predicted and experimental states. In addition, we started
with an initial guess that already incorporated the reac-
tive changes that occur immediately when the belt speeds
are made asymmetric. Thus, our model does not capture
the rapid, reactive responses at the transitions between
baseline and early adaptation or between late adapta-
tion and washout, nor how these responses are shaped
by learning or recalibration of an internal model. Future
work could extend the study and also include these tran-
sitions from and to symmetric belt speeds, as was done
for the biped model in [6], and also include after-effects
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upon returning toward tied belt speeds. Rather than
directly updating the prediction generated by the inter-
nal model, future studies should investigate what infor-
mation is stored and how the prediction is derived from
the internal model. Another limitation is that our model
currently does not explain the experimentally observed
changes in muscle activations or center-of-oscillation dif-
ferences. Since we only adapted the timing of swing ini-
tiation, we can conclude that these changes are likely not
driven by timing alone. However, we can only speculate
about the control structures responsible for them, such
as modifications in reflex parameters.

Our study focused on split-belt walking, because it is
the most common paradigm to investigate locomotor
adaptations as previously stated by [1, 6]. Moreover, the
paradigm has clinical relevance in the field of neurore-
habilitation [8, 5, 93-95], which makes it particularly
important to gain a detailed understanding of the indi-
vidual components and mechanisms underlying loco-
motor adaptation. By choosing this specific task for our
study we could show that the reflex-based model alone,
without supraspinal control like our cerebellum model, is
not sufficient to capture human behaviour, which would
not have been obvious if we limit the study to general
tasks like normal walking. Nevertheless, future work
should consider additional locomotor tasks and incorpo-
rate additional or more detailed supraspinal circuits. This
would contribute to the development of a neuromuscu-
loskeletal model capable of generalizing and explaining
various types of behaviors.

Predictive simulations always work with idealized com-
putational models, which are based on assumptions and
might not capture all control structures of a human. Our
neuromusculoskeletal model was a reflex model that
is frequently used in literature and has demonstrated
robustness against other types of perturbations. However,
different models could be better suited for the investiga-
tion of specific aspects of motor adaptation in split-belt
walking. For example, Malone et al. [26] have suggested
that adaptations in the spatial domain are a consequence
of modulating foot placement, but active foot place-
ment is not possible with our spinal reflex model. Song
and Geyer [50] have proposed a neuromusculoskeletal
model with an additional supraspinal control structure
that adjusts the desired foot placements and could serve
as an alternative to our approach of adapting the start
of the swing initiation. Furthermore, there are indica-
tions that CPGs might contribute to the spinal control of
locomotion [96]. CPGs are neural circuits that generate
rhythmic motor patterns without the need for sensory
feedback. These circuits have been integrated into neu-
romusculoskeletal models both on top [97] or instead of
[47] reflex-based neural circuits. Such models could help
explore whether the phase-resetting approach proposed
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by Fujiki et al. [51], which was developed for a torque-
controlled robot to replicate gait adaptations, could be
generalized to a neuromusculoskeletal model. However,
our results demonstrate that even a basic reflex model
is sufficient for walking on a split-belt treadmill and for
effectively capturing salient adaptation features.

Our work incorporates a more physiologically detailed
model and control structure than previous split-belt sim-
ulation studies that relied on simplified models with low-
dimensional or torque-based control strategies [6, 51,
52]. Although such models can be used to explain general
concepts of locomotion, their control architectures and
dynamic model parameters are not transferable to the
human neuromuscular system, which comprises multiple
segments and an overactuated system of muscles. Conse-
quently, they offer limited insight into how motor adapta-
tion might be physiologically realized. Nevertheless, the
model by [6] could generalize to a wider range of tasks
and conditions, which still remains an open challenge for
our neuromusculoskeletal model.

To our knowledge, this is the first study in which a
computational model of the cerebellum autonomously
drives feedforward gait adaptations in a neuromuscu-
loskeletal model in response to the continuous pertur-
bation imposed by a split-belt treadmill. By interacting
directly with spinal reflex circuitry, the model enables
the continuous interplay between supraspinal and spinal
control circuits and the musculoskeletal system. Beyond
step length asymmetry, we report adaptations across
multiple domains, including spatial and temporal contri-
butions as well as kinematics, providing a more compre-
hensive picture of simulated locomotor adaptation than
previous studies [6, 53]. The framework enables disentan-
gling individual mechanisms like, in our case, isolating
timing-related parameter changes while blocking reflex
adaptation, thereby offering mechanistic insights that are
difficult to obtain experimentally. While such computa-
tional approaches inherently involve simplifications and
abstractions, and results should be interpreted with cau-
tion, the framework can be readily extended to test addi-
tional hypotheses and thereby support the broader goal
of advancing mechanistic understanding and predictive
modeling for locomotor rehabilitation.

Conclusion

In conclusion, we proposed a computational model of
the cerebellum, which successfully generated SLA adap-
tations in a reflex model during split-belt walking. We
found that reflex changes are not strictly required for SLA
adaptations, and that changes in the timing of swing ini-
tiation are sufficient to explain experimentally observed
temporal adaptations, but not spatial adaptations. The
model is a step towards integrating supraspinal learning
mechanisms with neuromusculoskeletal simulations to
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investigate the neural control of locomotor adaptation
from a simulation perspective.
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