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Rhythmic sharing: A bioinspired paradigm for zero-shot adaptive learning in neural networks
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The brain rapidly adapts to new contexts and learns from limited data, a coveted characteristic that artificial
intelligence (Al) algorithms struggle to mimic. Inspired by the mechanical oscillatory rhythms of neural cells,
we developed a learning paradigm utilizing link strength oscillations, where learning is associated with the
coordination of these oscillations. Link oscillations can rapidly change coordination, allowing the network
to sense and adapt to subtle contextual changes without supervision. The network becomes a generalist Al
architecture, capable of predicting dynamics of multiple contexts, including unseen ones. These results make
our paradigm a powerful starting point for models of cognition. Because our paradigm is agnostic to specifics of
the neural network, our study opens doors for introducing rapid adaptive learning into leading AI models.
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I. INTRODUCTION

Much of the dynamics that govern the natural world
experience drifts in internal parameters, leading to nonstation-
ary dynamics with statistics that change in time. Examples
are changes in atmospheric chemistry, tectonic plate move-
ment, or the transition of a tumor’s state from benign to
malignant. The effects of nonstationarity can be dramatic
enough to alter its entire probability space, rendering sim-
ple tools such as mean centering of the data insufficient.
Although the initial impact of system parameter changes
is often barely discernible in the data, detecting them may
allow us to anticipate more severe long-term consequences
such as climate change, earthquakes, or metastases. Therefore,
the classification and prediction of dynamics that experience
parameter drifts have garnered considerable attention across
disciplines.

While machine learning has been proven to be a powerful
tool in predicting the dynamics of complex systems in the
absence of mathematical models, most learning methods op-
timize prediction for tasks originating from the same context,
i.e., stationary probability distribution. Specifically, learning
involves finding optimal weights, or link strengths, which are
the strengths of connections between neuronal nodes, that
are obtained by minimizing the error between the network’s
outputs and what we know should be the true outputs for given
inputs used during training. This is achieved by having the
link strengths of the network gradually increase or decrease
monotonically during training, until an optimal configuration

“Contact author: kang.hoony.2@ gmail.com
TContact author: wlosert@umd.edu

Published by the American Physical Society under the terms of the
Creative Commons Attribution 4.0 International license. Further
distribution of this work must maintain attribution to the author(s)
and the published article’s title, journal citation, and DOI.

2643-1564/2026/8(1)/013267(11)

013267-1

is found [1,2]. Furthermore, to predict nonstationary data, one
must also classify the different states present in the data, and
then feed these contextual tokens into the machine so that it
can understand how the context of the training data changes
over time. Here, we define “states” as sets of trajectories that
belong to the same stationary probability distribution, such as
those of an attractor or some other set with invariant long-term
statistical properties. Because each state represents a distinct
stationary probability distribution, a state can be considered
the underlying “context” of the time series. In the absence of
these tokens, the machine cannot make sense of the different
probability spaces in the data and tends to forget data whose
context clashes with another’s (catastrophic forgetting [3,4]).
Yet, the brains of living organisms excel at rapidly sensing
subtle contextual changes in their environment, and do not
suffer from catastrophic forgetting.

A. A learning paradigm

Inspired by the potential physical interactions between
electric neuronal signals, chemical astrocytic signals, and me-
chanical actin signals at the neuronal synapse, we conjecture
a paradigm of neuroplasticity. While existing studies have
highlighted how calcium signals of astrocytes, a type of glia
abundantly present in the brain, may influence neuroplasticity
between neurons [5,6], recent studies suggest that mechanical
forces by the actin cytoskeleton may represent a crucial, yet
overlooked, method of synaptic regulation [7], and that these
musclelike forces at the synapses may be linked to associa-
tive learning, allowing an organism to map specific events
to broader environmental contexts [8]. Based on our team’s
recent findings that demonstrate localized actin concentration
at astrocyte boundaries upon mechanochemical stimuli [9], in
addition to studies that reveal spontaneous rhythms in actin
dynamics [10-13], we postulate that astrocytes may actively
coordinate the rhythms of mechanical oscillations at the neu-
ronal synapse to induce learning [13]. By implementing this
bioinspired mechanism in an artificial neural network, we
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FIG. 1. Schematic of rhythmic sharing. (a) Temporal snapshots of oscillating link strengths, indicated by their widths. In this example, the
degree of oscillation coordination, i.e., synchrony, is fixed, meaning the relative phases between links are fixed. (b) The effect of oscillating link
strengths on information flow through the network. At each timepoint, the current value of the mean phase alters which links are the strongest,
rerouting how information flows through the network. As an example, the most coherent path of information between some input node to
some readout node is shown in purple. (c) Changing input alters the subset of active links in the network, altering the coordination among link
oscillations. Here, the dotted lines represent the connections between links, and the mean phases between connected links are represented by
stars; the degree to which this mean phase is in or out of phase to I, is represented by a star’s color. At earlier times, [z was activated by the
periodic orbit input, encouraging it to synchronize with the mean phase of its connected links (whose corresponding star is mostly still pink).
Upon a change of input to a chaotic state, /- and I, become active, and they synchronize to their mean fields. This results in links /- and I,
becoming synchronized to /,. However, /g, no longer active, is unaffected by its mean field.

aim to study whether these oscillatory dynamics could endow
the network with the capacity for context awareness. If the
network is indeed capable of distinguishing contexts in the
sense of associative memory, we expect its weights must adapt
in some way that is unique to each state.

We draw on these findings to propose a learning model,
called rhythmic sharing, that harnesses these multimodal
signals in two parts that endow the network with context
awareness. First, we propose that learning involves rhythmic
variations in link strength, based on spontaneous rhythms
exhibited by biomechanics of the actin cytoskeleton. Second,
we propose that learning occurs via coordination of the phases
of these rhythmic variations. Astrocytes inspire this key el-
ement of our algorithm: Astrocytes wrap around thousands
of synapses and exhibit rhythmic hotspots of biomechan-
ical activity, which may enable the coordination among
synapses [9].

These two concepts work together to generate a power-
ful learning paradigm: We implement these rhythms as slow
oscillations in link strength of some or all links, and allow
their phases to be different for each link [Fig. 1(a)]. Therefore,
information flowing through the network can utilize multiple
subnetworks, depending on the phases of the oscillations at a
given time [Fig. 1(b)].

The second part of the paradigm is that the phases of
each link can change depending on the information it pro-
cesses, e.g., different states, as illustrated in Fig. 1(c). We
propose that links that are active in processing a given
state can adjust their phases rapidly to synchronize with
other links. This synchronization is mediated by objects that
can integrate information from subsets of links [inspired by
the integrative role of astrocytes and denoted as stars in
Fig. 1(c)].

Because input of a different state results in active link
changes, state changes manifest as collective changes to syn-
chronization of the link phases, as illustrated in Fig. 1(c).
Therefore, link phase synchronization also functions as a clas-
sification token of each state.

We implement our algorithm on an artificial neural net-
work and demonstrate that it can rapidly sense dynamic
state changes in a range of dynamical systems including
key model systems of chaos, serving as a digital twin for
prediction and state targeting. When we specify the global
goal of the network as time-series prediction, we find that
our proposed paradigm of phase adaptation becomes a self-
supervised mechanism that allows the network to learn how
to autonomously adapt this goal for a specific context by
coordinating link strengths.
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B. Rhythmic sharing

We now expand on the qualitative overview of the learning
paradigm with its quantitative formulation. We model the link
interactions with the following governing equation:

do

=t (61 + Q™" osin(W — @ +p), (1)

where o denotes the Hadamard product. @ is a vector of
phases [¢; - - ~¢N,]T, with N; being the total number of links.
® is a vector of initially imposed natural frequencies of the
links. The vector of local mean fields W(r) € RM that each
link is coupled to is defined by

r(t) o ¥ = Rge'®®), ©)

where r € RM is a vector of local order parameters
whose elements describe the degree of synchronization
across the particular local mean field that each link
is coupled to. ¢" is taken to operate on - element-
wise, e.g., e = (V1 V2, ..., elVM). Aq)ij = Ag,/|As. |,
where Ag € RM*M is a random phase adjacency matrix, bi-
nary for simplicity, whose elements equal 1 if the links are
connected and 0 otherwise, and the normalization factor [A ¢, |
is the L' norm of the ith row of Ag. Finally, y is a phase lag, or
frustration, vector whose role is akin to that of the Sakaguchi-
Kuramoto model in promoting asymmetric communication
[14]. The density and weights of the nonzero elements of Ag,
®g, and p, are hyperparameters.

The amplitude of the coupling, & + 82()Tn*, encodes the
causal direction of nodal activity promoting link interac-
tions. Here, the elements of the normalized incidence matrix
(Q")i; = (Q");;/1(Q")i| are of the incidence matrix Q €
RN whose numerator elements equal 1 if a link is incident
to a node (self-loops included) and O otherwise, and the nor-
malization factor |(Q");.| is the L' norm of QT across the ith
row. We rescale the node statesn € (—1, 1) ton* € (0, 1) by
defining n* = (n + 1y,)/2 [where 1y, = (1, 1,...,1) € R™
denotes a vector of 1s of size N,], because lack of activity
of the ith node, inf(n;) = —1, should translate to an absence
of link-to-link interaction, inf(n}) = 0. The hyperparameter
&1 can engineer the disparity in phase coherence between
different states. However, it is not to be set to a nonzero
value if the hyperparameter &, = 0, as this will promote global
synchronization or desynchronization across the link network
asymptotically, regardless of the state of the input system.

Finally, we discuss the vector hyperparameter of slow nat-
ural frequencies wy. While its distribution and values are not
constrained a priori, we consider the simple binary case where
a set percentage of links share the same natural frequency
wp # 0 and the rest are set to 0. The density of links with
nonzero natural frequencies as A(wp) € (0, 1] and oy are,
then, hyperparameters associated with @y.

The scalar global order parameter used to track the coordi-
nation of link phases is defined similarly, R(¢) € [0, 1], which
is the degree of global synchrony across all the link phases:

N
. 1 .
R(t)e’@)(t) - E PLAOK (3)
NS

Here, (®)(t) is the corresponding scalar global mean
phase. We note that this is equivalent to the definition of

the local mean fields defined previously, except where all
elements of Ag are replaced with 1.

Two critical behaviors separate the similar, well-studied
Kuramoto [15] model and ours. First, when the forcing
strength of a Kuramoto model is driven by a time-varying
input, R evolves with the same timescale as the input itself
[16]. Consequently, R effectively mirrors the input time series,
remaining “blind” to the underlying context because it lacks
a distinct stationary signature that distinguishes each input
state. It therefore fails to provide information that extracts or
represents the underlying context, beyond the raw fluctuations
present in the input time series. This contrasts with our model,
where we will see that R settles to a stationary value for each
stationary state in the time series (Sec. II). Second, when a
slowly oscillating link is not connected to any other link, it
will quench its own oscillation, unlike the Kuramoto model
where the link would simply oscillate at its natural frequency
(see Appendix A 1). Our modification is to ensure that an un-
coupled link does not introduce “blind” periodic perturbations
that are decoupled from the links’ collective consensus, which
may act as a source of noncontributory dynamics that would
otherwise fail to align with the links’ attempts to coordinate
their mean dynamics for context recognition.

Next, the equation describing the evolution of the node
states of our recurrent neural network n € RV is

n(t + Ar) = an() + (1 — o) tanh[An(¢) + W;,u(z) + &],
“4)

where the activation function tanh[-] is applied to each vector
equation component in its argument separately. It is to be
noted that when we refer to a node, neuronal, or reservoir
state, we mean a point of the vector n € (—1, 1)™; all other
uses of the term “state” specifically refer to an invariant set,
such as an attractor. « is the leakage hyperparameter that
sets the rate of update and memory of n, A, € R¥>*N: g
a random adjacency matrix between the nodes scaled to a
desired spectral radius, Wj, € R¥*N« i the random input
matrix whose elements are chosen uniformly from the closed
interval [—6, 8], u(t) € RV is the input, and & € RM is a
neural bias that can be used to shift the activation function
of the neuronal nodes. While Eq. (4) subsumes the nonlinear-
ity of activation to each node in order to eventually use the
network as a reservoir computer [17,18] in Sec. II B, we note
that it is equivalent to other recurrent neural network update
equations up to a coordinate transformation [19]. As such, we
do not lose generality by using an echo state-type network.
The spectral radius and average degree of A, the input scaling
8, and the neural bias & are hyperparameters.

Finally, to incorporate oscillating link strengths with fixed
relative amplitude into the neural network, Eq. (4) is modified
by amending A, to exhibit a simple oscillation dependence,
An(t), where

Aa(t) =Ano [1 - ga +sin[2<z)])}. ®)

Here, m is the relative fraction of link strength change dur-
ing oscillation. The purpose of constructing the modulation
this way is so that the strength is always bound between the
upper bound that is its original strength Ay, and its lower
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bound (1 —m)A,,; to restrict the maximum spectral radius,
such that the echo state property does not become inadver-
tently violated [18]. Finally, the phase matrix @ € RN jg
simply a collection of individual link phases ordered into the
same structure as the adjacency matrix:

$. . Ay #0,
Q) =10 ' (6)
! { 0 A, =0.

As such, the vector ® in Eq. (1) is simply the nonzero ele-
ments of ® collected into a vector of phases [¢; - - - ¢N/]T with
N, being the total number of links; i.e., for some j, k € [1, N,],
we can represent ¢; := q_ﬁl,_)k foralli € [1, V.

II. RESULTS

A. Unsupervised state estimation with rhythmic sharing
1. Detecting simple state changes

We choose the 3D Thomas’s cyclically symmetric system
[20] as our first example input because it hosts numerous
states with different values of its internal parameter, Arhomas-
The following equations govern this system:

X = Sin()’) - )"Thomasxa
¥ = $in(z) — AThomas)»
Z = sin(x) — AThomasZ- (N

The parameter Arhomas induces bifurcations in the system.
We simulate input data where Athomas Starts at 0.18, which
results in a chaotic trajectory, and then suddenly switches to
0.29, which results in two coexisting periodic orbits (limit
cycles). This simulated trajectory (x(z), y(¢), z(t)) is used as
the input u(¢) to our neural network, and is sent frame by
frame to the nodes of a neural network whose connection
weights and link phases are initially random. The evolution
of the link phases as data enter the neural network is then
tracked, as shown in Fig. 2(a). The collective dynamics of
the link phases are characterized by their order parameter
R € [0, 1] and the mean phase (®) € [—m, 7). We call that
R(t) measures the degree of global synchronization of link
phases: R = 0 indicates uniform dispersion, i.e., complete
decoherence, of the phases, while R = 1 indicates complete
synchronization of the phases.

We emphasize two observations about R(¢) in Fig. 2(a).
First, R converges to some equilibrium value whenever the
input trajectory belongs to a stationary state. For instance, R
evolves from its initial condition of O and reaches a steady-
state value of 1 within roughly two “cycles” of the chaotic
state (AThomas = 0.18) and maintains this value hereafter. This
means that the links detected an invariant measure underlying
the trajectory, even when the trajectory is chaotic; in other
words, the links detected that a stationary probability distri-
bution underlies the time evolution of the trajectory. Second,
each state gives rise to a unique equilibrium value of R. There-
fore, the evolution of R mimics the evolution of Atpomas-

The dynamics of the mean phase (®)(¢) are not as inter-
pretable yet, as they do not respond uniquely to how AThomas
evolves in time. However, we will see that they will be critical
in the ability of the network to recall and predict various states
(Sec. II B).

2. Sensing continuous parameter changes on systems
with memory

The future evolution of a system may have a nontrivial
dependence on its history. These systems are particularly
abundant in biology, such as the immune and nervous sys-
tems [21,22]. One such example is the one-dimensional (1D)
Mackey-Glass system [23]. For this input system, the internal
parameter Amackey that induces state changes represents the
time delay, or memory, of the dynamics. We vary this param-
eter in a sinusoidal manner when simulating data.

Specifically, the normalized form of the 1D Mackey-Glass
system is given by

x(t — )\Mackey)
1+ x(t - )\Mackey)n

x(r)=p — yx(@). ®)
Here, the exact time dependence of the state variable x is pro-
vided for clarity. Amackey is the time delay parameter respon-
sible for inducing bifurcations of the attractor (parametrized
with phase space coordinates (x(¢), x(f — AMackey)). We fix
B =0.2,y = 0.1 and n = 10, while we oscillate Ayackey SinU-
soidally between Anfackey = 20 and Anackey = 24 with a slow
angular frequency (= 0.007) during the simulation of our
data.

Figure 2(b) shows the response of the links to this input
data. While R is shakier, likely due to the input system’s com-
plexity and the continuous nature of the parameter change, it
still successfully mimics the evolution of Amackey-

3. Detecting warning signs of catastrophic phenomena

Finally, we study a system where changes to its internal
parameters are not immediately apparent or measurable with
current methods, but whose detection is critical to prevent the
impending collapse of a system’s dynamics.

A well-known chaotic system that exhibits this behavior is
the 3D Lorenz system [24]. The following equations govern
this system [24]:

x=o(y—ux),
)'} = x()‘Lorenz - Z) -y
z=xy— Bz )

Here, changes to the parameter A owep, are responsible for
bifurcations to the system. We fix the other parameters to val-
ues o = 10, 8 = 8/3 for the duration of the entire simulation,
while we switch the value of Ay oren, abruptly from 24.5 to 23.5
in our simulated data, as in the case for the Thomas system.
When Aporen, % 24.06, the Lorenz system exhibits a globally
stable chaotic trajectory. When Apoen, abruptly drops to a
value between 13.93 < Aporenz < 24.06, the chaotic trajectory
shifts into another similar, but transient chaotic trajectory
(saddle) until it suddenly collapses into a dead signal after
some probabilistic time [25]. Our choice of Apgren, = 23.5 is
due to its proximity to the bifurcation threshold at Apgren, &
24.06, which minimizes visual changes to the trajectory as
the chaotic attractor transitions into a saddle. Indeed, Fig. 2(c)
shows the close similarity in the spectral properties of the two
chaotic trajectories; to resolve the spectral peak differences
(=~0.1-0.2 Hz), at least 50-100 cycles of the frequency bands
containing the peaks must be observed.

013267-4



RHYTHMIC SHARING: A BIOINSPIRED PARADIGM FOR ...

PHYSICAL REVIEW RESEARCH 8, 013267 (2026)

(a) 2D }‘Thomas =0.18 Ahomas = 0.29
phase R .
portrait ( y
of states DN X»>

ljw—-vvwvvvvv\. X input ) L

5
) 0

e A MW
domain A

WW y input (t)

[ z input (t)

)‘Thomas (t)

0 100 200 2400 2500
time (frames)

15

VIO 0 T e oo ] 00
uu (1l IIHIM mlwmmwu 1 LR

1 DG i ool T ‘M‘ |(
"qu‘\' t ‘lll\vllJllﬁ .'\'u' il hl‘\lll”‘hll\dll.‘\"\ i ﬂ{”l‘lll —

1000 2000 3000 4000 5000 6000
time

X input (t)
Y input ®
z input (t)

A Lorenz (t)

(b)

WWWWWM’WWM{WWW Y o )
A AV AAVAY VAVAYAYAVE

1.0 -
o T AVAAYAvAAVAY VA
WY
(B>
e L

2000 4000 6000 8000 10000

time

power spectral density (PSD)
PSD Of Yinput

PSD of zjypu

PSD of Xjnput

w0t T2 | !
1072 107! 1072 107! 1072 107!
frequency

(no. of cycles / frame)

FIG. 2. Rapid sensing of dynamic state changes. (a) A simulated trajectory of the 3D Thomas system (whose state variables are x, y, z) in
blue, with the value of its internal parameter Ahomas that was used to simulate the trajectory shown in black. After an initial transient, R remains
near an equilibrium value of 1 for the entire chaotic trajectory. When Arpomas 1S abruptly switched to 0.29, the trajectory switches from a chaotic
state to a periodic orbit. R senses this switch immediately and settles to a new equilibrium value. (b) The same procedure was conducted for the
Mackey-Glass system, whose internal parameter Aypackey Was changed sinusoidally during simulation. (c) (Left) R for the 3D Lorenz system. R,
although noisier than the Thomas system, evolves to a different equilibrium value at the exact time Apoen, Was switched, falling to a different
value as the Lorenz system transitions to a dead signal. (Right) The power spectral densities (PSD) of the time series of each state variable,
corresponding to when the Lorenz system is at stable chaos (green) and unstable, or transient, chaos (orange). That their spectral differences
are also not obvious contributes to the difficulty in sensing this state transition.

The behavior of R(¢) of Fig. 2(c) demonstrates that the
links sensed the moments when the states were switched: from
the first chaotic trajectory to the chaotic transient, and then to
the dead signal. The time it took for R(¢) to escape its range of
values while it was sensing the chaotic trajectory and to enter
its range associated with the chaotic transient is around 100
frames, or 11 cycles—approximately 78% fewer observations
from that suggested by Fourier analysis.

B. State transformation and recall by rerouting information
flow with rhythmic sharing

A powerful feature of a neural network is its ability to
store multiple dynamical states. If states were tagged with
contextual tokens in the training data, one may recall a specific
state by inputting the associated token entry. Without these
tokens, recall is very difficult.

While R seems to fulfill the role of the required contextual
token, the link phases’ mean dynamics are also governed by
(@), both of which shape the “neural representation” of the
input. Therefore, we cannot neglect its specification when
attempting to recall a state. Yet, the latter’s role is not visually
clear from Fig. 2, as it does not seem to respond to state
changes. To assess this, we will observe how the neural output
changes in response to changes to R and ().

To obtain an output from the network, we train the network
as a reservoir computer (RC), a form of a recurrent neural net-
work that has been noted to perform well for chaotic dynamics
prediction [17,26-28]. The training of an RC involves finding
the optimal combination of nodes such that their combined
output best recovers the true value of the input time series at
the next time step. More specifically, in order to use our net-
work as a reservoir computer, an additional step is performed
that projects the latent space of the nonlinear neuronal states
RM to the prediction space via a static linear map to produce
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FIG. 3. Generating a digital twin for prediction and state targeting. (a) Training data used for the Thomas system and the response of the
links, characterized by R and (®). When the chaotic trajectory exhibits limit-cycle-like behavior (inside the red highlighted strip), R briefly
falls below its steady-state value, but remains overall robust to these perturbations. (b) Closed-loop predictions of different states by modifying
R and (®) in real time. Some extrapolated states that the network has never seen before are highlighted with pink boxes in the close-up time
series, and their states are, respectively, shown in coordinate space in orange as well. Here, the light blue state represents the initial input state
(the periodic orbit), before closed-loop prediction began. Each value of R and (@) amounts to sampling different network paths. (c) Closed-loop
prediction of individual states present in the training data without being contaminated by other states. The phase portrait representation (top)
shows the state of the predicted trajectory that ran for over 5000 frames, which matches closely to the state of the true trajectory. A close-up,
time-domain representation of the prediction (bottom) showcases the forecasting accuracy. “Start” represents the beginning of the closed-loop
prediction stage. (d) Closed-loop time series predictions of a standard RC, which learned the training data as one state and therefore could not

predict each state independently.

the desired outputs, 3 : RNe — RNo_ where

n(t) = Woun(1). (10)
For time-series prediction, n(¢) corresponds to @(t + At),
which assumes the prediction of the inputs u after one time
step At. The training goal of the reservoir computer, then, is to
obtain the matrix W, such that @i(r + At) best approximates
u(t + At) for chosen hyperparameters. Details on the training
and prediction mechanisms are provided in the Appendix A 2.

We reuse the Thomas system, as its large repository of
states is well suited for our demonstration of state targeting.
We train the RC with simulated data of the Thomas system
that alternates between two values of Athomas, With our objec-
tive being whether the RC can predict the dynamics of each
state independently in the training data via rhythmic sharing
[Fig. 3(a)]. We will henceforth refer to Atnomas Of the input,
or training, data as Aipy to clarify that this is the internal
parameter of the input trajectory (Xinpuc(?), Yinput(t), Zinput(?))
that is sent to the network. Our objective is motivated by
the fact that if the RC can recognize, separate, and learn
stationary events differently with the assistance of rhythmic

sharing, it must also be capable of predicting each stationary
event indefinitely without mixing the other events that it has
seen during training by controlling the phases. The alterna-
tions between the states in our simulated input data are made
aperiodic to ensure that our results are not due to some reso-
nance between the natural frequencies of the link oscillations
o and that of Aipy (7). From Fig. 3(a), we see that, as be-
fore, R(t) tracks the state changes in the data: Athomas = 0.18
admits one chaotic state, and Arpomas = 0.29 admits two co-
existing periodic orbits, resulting in three equilibrium values
of R.

Once the optimal set of output nodes is obtained by finding
Wout, we run the network in a closed-loop prediction scheme,
where the network output @ (i.e., the prediction of u of the
next frame) serves as the next input u for the prediction
of the subsequent frame. To control the phases, we freeze
R once it reaches its equilibrium value for the input state,
then commence the closed-loop prediction scheme. Then, as
the closed-loop prediction is running, we manually change
(®) to observe its effects on the output. Further details on
how this control mechanism was conducted are provided in
Appendix A2c.
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Figure 3(b) showcases three different examples of how
(®)(¢) was changed during the closed-loop prediction. In
the first example, where Ainpue = Aperiodic orbit = 0.29 as (D) ()
evolves discretely, each discrete value of (®) results in neu-
ronal output of a different state of the Thomas system in
the neighborhood of Aperiodic orbit- Most of these states map to
values of Arthomas that the network never encountered during
training. Because each (®) value qualitatively represents a
different static weight configuration of the network, one may
say that we are effectively reading out different states embed-
ded in different information pathways associated with each
configuration.

In the second example, where Ainput = Aperiodic orbic but the
mean phase (®) evolves continuously in a linear manner, it
is evident that Aoupu(?) [the internal parameter associated
with the output trajectory (Xoutput(t), Youtput(t), Zouput(t))] is
entrained with (®). This demonstrates that (®) is an effective
controller that can reliably steer the neural states to desired
trajectories corresponding to various Aouput; in other words,
accessing different paths of the network recalls different
states. These observations hold for the third example, where
setting Ainput = Achaos = 0.18 yields a different extrapolation
curve in the neighborhood of Acpaes. The results suggest that
the mean-field phase parameters can be used to predict how
the time series will evolve when the context, or state, of the
time series switches in real time—in other words, a digital
twin.

With these findings, we are now able to easily achieve
our objective: By freezing the proper values of R, (®) such
that Aguiput = Ainput, the network can predict the time series
of each state present in the training data separately without
contamination of other states, as shown in Fig. 3(c). Although
its predictive performance is not as accurate as an RC trained
purely on either state alone, a single RC endowed with rhyth-
mic sharing can accurately predict the long-term dynamics of
each individual context or state.

In contrast, a standard RC not equipped with contextual
tokens cannot learn the different states in the nonstationary
training data as distinct events and attempts to treat the data
as originating from one stationary event. This can be seen in
Fig. 3(d), where the RC predicted a trajectory whose Aqutput
is intermediate of the two Ajppy Of the training data. That
the reservoir treated the events in the training data as one is
evident by the fact that it outputs the same trajectory for both
test states.

III. DISCUSSION AND CONCLUSION

Motivated by neuroglial interactions of the brain, we devel-
oped a learning paradigm consisting of two key elements: the
slow oscillations of the links and the ability to change their
coordination. We implemented our model into an artificial
neural network to probe the role of these mechanisms in
neural representation.

In our model, links rapidly adjust their synchronization to
identify the current state dynamics. Thus, the synchrony of
links identifies the current state of the dynamics in the data.
By self-adjusting link strength rhythms for different states, the
network is capable of learning nonstationary dynamics. This
is a powerful feature that regular machine learning algorithms

cannot handle without user-provided contextual tokens, de-
spite the ubiquity of nonstationary dynamics in real-world
data. Our results demonstrate that the network is capable of
rapidly identifying anomalous events in data and signaling
warning cues for impending disasters. Furthermore, this is
achieved in real time because the network did not require prior
training.

Current approaches to identifying state changes in un-
trained nonstationary data generally rely on spectral methods
or density-based anomaly detection. While Fourier analysis
serves as a baseline method to identify data requirements
in estimating a state change, techniques such as the wavelet
and Hilbert-Huang Transforms (HHT) seek to offer higher
temporal resolution for resolving state switches from a shorter
observation window [29]. However, these methods remain
highly sensitive to the specific data window being analyzed,
which makes them unsuitable for chaotic time series. For
instance, in the case of HHT, the process of extracting the
intrinsic frequency modes is purely empirical and window-
dependent, such that two snapshots of the same chaotic
attractor will often yield nonaligned frequency modes, thereby
preventing a stable characterization of the state unless a large
number of windows have been analyzed to build a statistical
characterization of the modes [30]. Wavelet analysis method
relies on convolutions with predefined bases, meaning that
two snapshots of the same attractor in some window will also
yield different wavelet analysis results, and therefore does not
inherently identify the underlying dynamical structure of the
state as well. Similarly, anomaly detection algorithms that do
not require training, such as distance-based and density-based
algorithms, require the system to traverse a significant portion
of the strange attractor before a stationary distribution can be
defined [31]. Our proposed model addresses these limitations
by leveraging a link network that settles into a stationary order
parameter for each stationary state, with high resolution and
minimal data, that serves as a consistent quantitative signature
of the underlying dynamical process regardless of the specific
trajectory snippet observed in a window.

Our results demonstrate that slow link strength rhythms
in our model enable extrapolation of dynamics of numerous
unseen states, and by training the network endowed with
rhythmic sharing, we can predict the stationary dynamics of
each state. This asset may be used to harness the network
as a digital twin, capable of adapting its prediction when
the physical twin experiences state changes. As an alterna-
tive perspective, we mention that our total neural network
system, comprising a standard reservoir computer equipped
with rhythmically synchronizing weights, may be thought of
as a recurrent neural network where a trained, static output
matrix Wy, encodes the fixed global task of time series pre-
diction, while rhythmic sharing adapts this task locally to the
specific context by learning the optimal synchronized weight
configuration for a given dynamical state. In other words,
rhythmic sharing performs a form of self-supervised learning,
where they reconfigure the network’s internal dynamics to
optimize for a specific, self-recognized state, not with external
labels or backpropagation but through dynamic rerouting of
information flow in a bioinspired learning process.

We restricted the application of our algorithm to input sys-
tems whose nonstationarity is induced by a single parameter.

013267-7



HOONY KANG AND WOLFGANG LOSERT

PHYSICAL REVIEW RESEARCH 8, 013267 (2026)

This is because state changes brought on by more than one
parameter cannot be causally differentiated from the R(t) plot
alone, which will combine all sources of change to the input
system. A future direction would be to design a model where
multiple clusters can individually track the nonstationary evo-
lution of different internal parameters of the input system,
thereby creating small-world networks of links. Such a con-
figuration may enable the network to identify shifts across
multiple contextual cues simultaneously and potentially iso-
late the exact causal mechanism responsible for a global state
change. A straightforward mechanism to implement arbitrary
orders of p : g synchronization for cluster formation in our
model is to modify the argument of the right-hand side of
Eq. (1) from sin(¥ — @) — sin(p o ¥ — q o ®), where p and
q are vectors of positive integers whose elements q;, p; denote
the desired synchronization order between the phase ®; and its
connected mean field ¥;. However, careful engineering of the
structure of A4 is likely to be needed to minimize competition
of different synchronization orders between links.

We also take this opportunity to discuss the impact of noise
(originating from either the externally provided input or inter-
nal neural states) on the link system’s stability. Our results
provide some insight into the inherent robustness of R against
such input disturbances. Specifically, as shown in Fig. 3(a)
in the red highlighted strip, when the chaotic trajectory of
the Thomas system undergoes transient limit-cycle-like orbits,
R exhibits only brief, minor deviations from its steady-state
value of 1. Importantly, the change in R during these periods
is significantly lower than the rapid decay observed during a
true bifurcation. This suggests that the link system effectively
distinguishes between transient fluctuations and true state
changes, resistant to overreacting to transient fluctuations.
This resilience stems from the observation that the mean-field
dynamics of the link phases seem to identify the under-
lying distribution over a specific trajectory. Consequently,
when additive stationary noise present in the input enters
the phase variables via the forcing strength, ¢; + £QTn(n),
we expect that the qualitative behavior of R should remain
robust. However, the convergence time of R for a specific
state may increase if the noise introduces long autocorrelation
timescales that require more observations to resolve than the
underlying, noiseless input system, potentially delaying con-
text recognition.

An interesting case to consider is multiplicative noise,
which is inherent to real neural networks where dynamics
are dominated by the vast density of interneuronal connec-
tions. In such interaction-heavy systems, multiplicative noise
typically yields fat-tailed statistical distributions, e.g., log-
normal or Pareto-Lévy distributions, whose resulting power
laws are well studied in the dynamics of biological neuronal
networks [32-35]. Qualitatively, these power laws emerge as
local noisy kicks percolate through the system’s metastable
states, triggering chains of spatially extended excitations or
“avalanches” that upset these states. This process continues
until the system settles into clusters of more barely stable
states that span multiple length and timescales, resulting in
the observed power laws. Since the dynamics of the neuron
states n directly dictate the synchronization forcing strength
for their respective incident links, we surmise that a network
of clustered neuron states (hereafter “n clusters” for brevity)

may inherently promote clustering or chimera states across
the link phases. In this regime, distinct groups of links would
synchronize locally to the dynamics of a specific n cluster
while remaining phase decoupled from other link clusters;
in a sense, this may be seen as a natural manifestation of
higher-order p : g synchronization within the network. Given
that n clusters have been effectively utilized in artificial neural
networks to store and predict the dynamics of multiple states
via external labels that bias each n-cluster’s activity levels
[36], it is plausible that a rhythmic sharing network subject
to multiplicative noise may be another way of generating link
clusters that may be naturally specialized to monitor specific
subsets of coupling parameters in the input system.

In our model, one method to stabilize the sensitivity of the
order parameter R to input noise is to increase the degree
of the link adjacency matrix. When the degree of the link
adjacency matrix is increased, the mean phase-field dynamics
are smoothed as local link phase perturbations caused by noisy
inputs are quenched by the collective consensus of the link
phases. While this increases robustness, it also increases the
convergence time of R upon an input state change. Another
method is to tune the balance between the hyperparameters ¢/,
which is the stimulus-independent strength that intrinsically
drives the phases toward a synchronized or desynchronized
configuration, and &,, which is the gain on the synchronization
forcing from neuronal activation. Together, these hyperparam-
eters control the overall sensitivity of R to input state changes
and the separation between steady-state levels of R. In a bi-
ological context, we postulate that these parameters may be
tuned via neuromodulation. Specifically, the degree of native
synchronized activity within the astrocytic and actin networks
may modulate &, while the mechanical coupling strength
between the actin network and the neurons at the synapse
could serve to modulate &,. Such biological regulation would
allow the system to balance its stability to input distraction
against its sensitivity in detecting contextual shifts.

Finally, we mention that Eq. (6) of our model assumes a
one-to-one correspondence between the phase of link strength
modulation and the phases of the links. In other words, the
phases of the astrocyte chemical waves are identified with
the phases of the actin waves at the synapse. While this was
assumed mainly to preserve the simplicity of our model, ex-
perimental observations that the chemical oscillations present
in astrocytes may be 1:1 synchronized to the actin oscilla-
tions that are found in astrocyte hotspots provide potential
justification for this simplifying assumption [13]. As a future
direction, one may introduce a more accurate map ® = f(¢)
that integrates the dynamics of how chemical dynamics of
the astrocytes are translated to these mechanical waves, for
instance, as an excitable system.
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APPENDIX

1. Oscillation death for isolated links in rhythmic sharing

In Kuramoto-like models [15], every oscillator is indepen-
dently coupled to a subset of other oscillators in the network.
If an oscillator is not coupled to any other oscillator, its phase
will evolve with its unperturbed natural frequency wy.

However, our choice to couple each oscillating link to the
mean field of its connections endows the link system with the
property that any isolated, active link will eventually quench
its oscillations for |wy| < |¢|. To see how oscillation death
happens in our model, let us consider a single oscillator, ¢
(where we drop indices for brevity) that evolves without any
link-to-link interaction:

¢ = wy + £sin(Yy — @), (AD)

where W is the constant atan2(0./0.), which is mathemat-

ically undefined yet computationally yields some numerical

value due to floating point accuracy. & = &; + &,(QT n*)¢ is

the strength of the interaction for this particular oscillator,

which is bounded in general between €| =+ ¢,. Here, ¢ is frozen

as a constant for simplicity and to obtain an analytic solution.
By a translation, ¢ — ¢ — Wy, Eq. (A1) reduces to

¢ = wy + €sin(—@). (A2)

By use of a half-tan substitution, the solution can be easily
shown to be

$(1) = 2tan"! [i + 2 <ét n go)}, (A3)
wo 2

wo

where A = | /wj — 2 and § = 2tan’1[—§ + R tan %] with
¢o being the initial phase. It suffices to show that if the argu-
ment of the tan~! has a real limit for large time given small
wo (compared to the order of ¢, which will be on the order of
unity for synchronization), then tan~—! (and therefore ¢) will
converge to a real value as t — oo.

For |wy| < |eo|, A and & are purely imaginary, making
both the amplitude and the argument of the nested tan in
the expression for ¢(¢) also purely imaginary. As such, ¢(¢)
evolves as 2tan~'[a + btanh(ct + d)], where a, b, ¢, and d
are real constants. Since tanh(ct + d) possesses a real limit
for large 7, ¢(¢) converges to a real limit; i.e., the oscillation
has quenched.

On the other hand, consider |wg| > |gg|. Then, A and &,
are purely real, and ¢(¢) evolves as 2 tan~'[a + btan(ct + d)],
where a, b, ¢, and d are reused to denote arbitrary real con-
stants. Because the argument does not have a real limit for
large ¢, the phase ¢(#) also does not. Therefore, |wy| < |¢| for
oscillation death to occur in isolated links.

2. Overview of reservoir computing with echo state networks

This section expands on the training and prediction proce-
dures for an echo state network.

a. Training

First, a reservoir is initiated into a “warm-up phase” for
Twarm Steps of Atr of the input. As a reservoir computer has
leaky memory, this stage is required to provide sufficient time
for a reservoir to forget its initial state (usually a blank slate
n = 0). Here, the input u is the training data u(f) = Wi (1)
so as to entrain n(¢) to the dynamics of the input data without
any feedback error. As this stage is used solely to calibrate the
nodes’ state space with that of the data, these reservoir states
are discarded and not used for training.

Upon completion, the reservoir enters the “training phase”
for Ty, steps of At. The now-calibrated states are once more
entrained by () = uy,in(¢), but all the reservoir states dur-
ing this phase n(fwarm + At), N(twarm + 2At), ..., N(twarm +
Tyrain At ) are recorded. For notational brevity, fyam = Twarm Af
marks the end of the warm-up period. Using the concatenated
state responses across time, the optimal output matrix Wy is
then calculated via L? regression by minimizing

arg min
WOH(

D [Woun(t) = iin (0]

[ twarm+ Tirain AT
t=twam+At

+ ﬂtr(WoutWEm)}, (A4)

where f is the regularization hyperparameter.

b. Predicting

Equipped with the trained W, we are now ready to com-
mence the prediction phase. A portion of the test data u is
sent into the reservoir (which can either start from a blank
slate again or from its last state during the training phase)
for another warm-up period to forget its previous state and
recalibrate it to the data to be predicted. We note in passing
that the warm-up period for the test data need not be the
same as that of training. The last frame of the test data in the
warm-up period W (fwarm ) 1S now used as the initial condition
to generate the first prediction, Gi(#y,m + Atf). This output is
then fed back as the new input to obtain the reservoir’s next
state, forming a closed-loop prediction for the next time step.
This process is iterated until the reservoir has advanced up to
our desired prediction window.

c. State targeting and prediction by steering (R, (®))

For our modified architecture, we perform the same proce-
dure as above, but modify the warm-up stage of the prediction
slightly if we wish to predict the time series of a single state,
as it was done in Fig. 3(c). As the network warms up to the
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test data, the links reinitialize their order parameter to the
test state. Once the order parameter has reached its steady
state (which we denote here as Ry), we freeze R by imposing
that the phases evolve in any arbitrary manner according to a
prescribed vector-valued forcing g satisfying

() =g(®.1), >z,
g(®,1) =gy,
D(tg,) = Pr,, (A5)
where g is some scalar-valued function, 1y, = (1, 1,...,1) €

RM denotes a vector of 1s of size N;, and ®p, denotes as the
vector of phases at the first instance t when R = R, which we
denote as g,. This is because the system of equations satisfies
the constraint R(t) = Ry for t > tg,, where tg, < tyam, since
the forcing does not depend on the phase, and so the Lyapunov
exponent of the link system is O (the phases do not diverge
from each other in time).

We choose g = Qt, with 2 = wy, such that the states can
evolve slowly until the target mean phase (®) = (P)( can be
obtained. Once our desired (®)( is reached, we replace g =
0 to freeze the links permanently. We determine our desired
(®)o by finding

(D)o = arg min g, [A(Woun(®, 1), Ueq(1))]

X Vt € [tgy, tr, + 71, (A6)

for T > 2w /Q2 to ensure the space of static link strength
configurations given Ry is fully sampled during this process,
and where /1 is an error function of choice. The warm-up
duration of the prediction is chosen such that all the targeting

of the mean-field variables aforementioned happens before
the end of the warm-up period, i.e., tg, + T < TyamAf. For
most input systems, as we have used, a natural candidate is
the root mean square error: h? = ||W0mn(<l>, 1) — Ueest ()] ]2,
but if the topology of the state does not change considerably
with the input system’s bifurcation parameter or the system
is contaminated with noise, an error function that can more
finely resolve differences in states should be formulated and
used. In summary,

(1) Evolve the phase with Eq. (1) with ug until R = Ry.

(2) Replace the right side of Eq. (1) with Eq. (AS) for
a duration 7 such that R(t) = Ry, while (®) makes at least
one full rotation during t. Identify the mean phase (®), that
embeds the test state U5 With Eq. (A6).

(3) Set g = 0 upon this instance. Commence the closed-
loop prediction as outlined in Appendix A 2b.

We remind that the method outlined above all takes place
during the warm-up phase—that is, the reservoir still runs in
an open loop, where the output of the reservoir does not feed
back as the input for the next time step. We also note that ex-
trapolation curve during the open-loop stage is different from
that during the closed-loop stage. In the former case, an input
of one state is continuously sent into the network, which has
the effect of an external force that tries to realign the network
behavior to output the same state as the input. This prevents
the network from extrapolating to a wider range of states in the
neighborhood of the input, whereas in the closed-loop case,
a small deviation of the output at one time step can amplify
during the subsequent loops, thereby providing a large enough
force for the network to hop into a basin of attraction of a state
A where A — Aippyc is much larger.
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