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Abstract— This paper overviews our recent efforts for pro-
moting adaptive oscillators as template for modeling and as-
sisting rhythmic movements. Adaptive oscillators are dynamical
systems that can be viewed as the simplest possible model of
a neural Central Pattern Generator, augmented with learning
dynamics. Therefore, if coupled to a human user producing a
rhythmic movement, such an adaptive oscillator can be used
to govern the behavior of an assistive robot providing different
kinds of rhythmic movement support, with or without energy
injection, and both for the upper- and the lower-limb.

I. INTRODUCTION

Rhythmic movements are repetitive actions executed along
a periodic pattern. Some of them like breathing, chewing, or
crawling are part of the essential repertoire for the survival
of primitive species. Consequently, researchers established
that they form a fundamental class of movements — or
primitive — that is phylogenetically older than more complex
activities like discrete reaching to a target [1]. Spinal neural
circuitry plays a ubiquitous role in the execution of rhythmic
movements. In particular, Central Pattern Generators (CPGs)
are thought to be the source of rhythmicity in the produc-
tion of muscular activation patterns governing locomotion
movements in mammals [2]. Our recent work in bipedal
locomotion modeling further showed how CPGs can be
ideally combined with spinal reflexes for producing robust,
versatile, and energy-efficient walking patterns [3].

In this contribution, we specifically focus on a tool that
we extensively used in the recent past to model, predict, and
assist human rhythmic movements, namely adaptive oscilla-
tors (AOs). An AO can be viewed as a harmonic oscillator,
i.e. the simplest model of a CPG, that is augmented with
learning mechanisms in order to synchronize to an external
signal. This general framework is pictured in Fig.1. The rest
of this paper overviews how we adapted it to representative
scenarios of locomotion and upper-limb assistance.

II. ADAPTIVE OSCILLATOR

An AO is a dynamical system building upon a simple
harmonic oscillator, i.e. φ̇ = ω, where φ and ω are the
oscillator phase and frequency, respectively. More precisely,
this oscillator is augmented with learning terms [4] storing
in dedicated state variables the features (i.e. the phase φr,
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Fig. 1. General framework: An adaptive oscillator continuously learns
the features of a rhythmic movements produced by a human, and in turns
provides rhythmic assistance that is fine-tuned to the produced movement.

frequency ωr, and amplitude αr) of a quasi-rhythmic input
signal, i.e. xr = αr sinφr. Here, “quasi-rhythmic” should
be understood in the sense that ωr and αr could be time-
varying, yet at a slower timescale than the input frequency
itself. The AO thus writes as:

φ̇ = ω + νφF/α cosφ,

ω̇ = νωF/α cosφ, (1)
α̇ = ηF sinφ,

where νφ, νω and η are gains driving the learning timescales
[5], and

F = xr − x̂ = xr − α sinφ (2)

is the error signal driving learning, i.e. the difference between
the input signal and its estimate x̂. The insert in the lower
right corner of Fig.1 captures a typical learning behavior of
an AO when the input frequency is abruptly changing at a
certain time (gray dotted line).

III. LOCOMOTION ASSISTANCE

In its simplest form (1), an AO can thus be viewed
as a state observer, estimating the features of a rhythmic
input signal. If this signal is produced by a human user
during locomotion — such as the hip angular pattern during
walking — the AO could be used for instance to deliver a
phase-dependent assistive torque to an exoskeleton [8] or
even to a prosthesis replacing another missing joint [9].
Similarly, the same system could be used to predict the
signal in the near future, via a time-shifted version of the
estimator, i.e. x̂(t + δt) = α sin (φ+ ωδt). This is the
approach we followed in [10] in order to provide positive
power assistance by attracting the user’s hips to their own
predicted future trajectory through a compliant force field.
In the same paper, we reported how AO could be used to
provide torque assistance based on a dynamic model of the
task and estimates of kinematic derivatives [5].



(a) Methods, adapted from [6]. (b) Results, adapted from [7].

Fig. 2. Smoothing assistance framework. (a) When requested to produce an upper-limb movement (here, continuous drawing of a circle), a stroke
patient typically produces a jerkier trajectory (here ppat). The AO (1) continuously learns a smoother version of this movement posc. An assistive force
proportional to their difference Fsmoothness is delivered in order to produce smoother movements. (b) Evolution over 4 assessment days (pre-treatment:
A1, A2 — post-treatment: A3 and A4) of 13 stroke patients during the execution of a typical rhythmic task in a metric capturing movement harmonicity.
The error bars represent the 95% confidence intervals. The horizontal lines capture the assessment numbers being significantly different from each other.

IV. “SMOOTHING” ASSISTANCE

More recently, we tested AOs to provide specific assistance
to patients with motor disorders, in particular regarding
the execution of upper-limb rhythmic tasks. Indeed, stroke
patients typically produce jerky reaching movements, and
this has been observed in rhythmic tasks as well [11]. In
[6], we developed an assist-as-needed control framework
for stroke patients performing rhythmic movements. More
precisely, an upper-limb assistive robot delivered a force that
was directly proportional to the AO error signal F (2), see
Fig.2(a). Therefore, if the patient was producing a perfectly
harmonic movement — what we considered to be “perfectly
smooth” in that work — F converged to 0 and no assistance
was provided; while the assistive field would encourage the
movement to be smoother otherwise. Importantly, since the
AO was continuously learning from the user’s input signal,
such assistance was providing no energy to the user on
average, therefore encouraging active participation.

We conducted a longitudinal study with 13 post-stroke pa-
tients who received this robotic-based therapy during 12 ses-
sions of 18-min spread over 1 month [7]. Their performance
was assessed twice before the therapy (A1 and A2), once just
after (A3) and once three months after the last session of the
therapy, to assess the long-term retention of the intervention
(A4). Fig.2(b) reports one of the main results of this study,
namely the level of harmonicity of a typical self-produced
rhythmic movement (i.e. while receiving no more assistance
from the robot). In short, this index is bounded between
0 and 1, 1 corresponding to a pure harmonic movement.
This figure shows that the therapy improved the patients’
capacity to produce autonomous rhythmic movement with a
better harmonicity, even months after the intervention ended.
More intriguingly, we also reported some improvements
in performing discrete movements, likely recruiting some
transfer mechanisms which still have to be unveiled.

V. CONCLUSION

In this document, we overviewed our recent efforts in us-
ing adaptive oscillators for modeling and assisting rhythmic
movements, both with the upper- and the lower-limb. We
state that this mathematical tool is particularly suited to be

used as a template for closed-loop interactions between a
(disabled) user and an assistive robot. Since both parties
continuously adapt to each other, the robotic assistance is
suited to the current user’s needs, while promoting his/her
active participation to the task.

In future work, we will adapt the smoothing framework
reported in Section IV to the lower-limb, and test it with
patients having specific gait disorders while using a wearable
device. We will further continue our efforts in combining
these AOs with task-specific assistive strategies, in order to
support the user not only in level-ground walking but also
in more energetically challenging tasks.
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