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Abstract—Spiral waves are a representative class of spatiotem-
poral activity patterns widely observed in biological nervous sys-
tems and are closely related to neural information propagation.
In this work, we investigate the emergence of spiral waves in a
locally connected two-dimensional neural network composed of
Aihara chaotic neurons. By systematically varying key param-
eters, including the local connection range, refractory-related
parameters, feedback strength, network size, and boundary
conditions, we examine dynamical behavior of the network under
the different conditions. Numerical simulations show that spiral
wave formation depends sensitively on the interplay between local
connectivity and network parameters, and only emerges within
specific parameter regions. Changes in network structures and
parameters can significantly alter the spatiotemporal evolution of
activity patterns. Our results clarify how refractoriness interact
with local connectivity to regulate the emergence and stability of
spiral wave patterns in neural networks.

Index Terms—Spiral waves, Formation and propagation con-
ditions, Chaitic neural networks, Locally connectd, Neural dy-
namics

I. INTRODUCTION

Complex spatiotemporal dynamics are ubiquitous in biolog-
ical systems, and traveling waves represent one of the most
fundamental organizational patterns, including plane waves
and spiral waves [1]-[3]. Recent studies have demonstrated
that traveling waves are prevalent across multiple spatial and
temporal scales of neural activity in the brain [4, 5], and
are closely associated with global dynamical states [6, 7].
These waves play a crucial role in inter-regional information
transmission, coordination, and integration [3, 8, 9], and are
involved in a wide range of brain functions, including percep-
tion [10, 11], memory [12, 13], and motor control [14, 15].
Among various forms of traveling waves, spiral waves have
attracted particular attention due to their distinctive topological
structures. A spiral wave is typically organized around a phase
singularity, where oscillation amplitudes are markedly reduced
and wavefronts rotate around the core [16].

In nervous systems, spiral waves are regarded as dynami-
cally organizing units of population activity, capable of modu-
lating oscillatory structures across space and time, influencing
information transmission efficiency [3, 17], and being linked
to working memory processes [12]. Evidence indicates that
sleep stage 2 of human non-rapid eye movement (NREM),
sleep spindle oscillations can self-organize into spiral waves
propagating across the cortex, which are significantly corre-
lated with post-sleep memory consolidation performance [18].

Moreover, the stability of these spiral wave patterns decreases
with aging. The spatiotemporal stability of spiral waves may
reflect neural dynamical features underlying memory-related
functions [19].

Biological nervous systems do not rely solely on static
connectivity structures for information processing, but in-
stead encode and maintain information through dynamically
evolving spatiotemporal patterns. Understanding these dynam-
ical mechanisms is therefore fundamental for constructing
information-processing models that are closer to the brain.
Studying complex spatiotemporal dynamical patterns such as
spiral waves in nervous systems using network models has
provided important insights into how memory maintenance,
information propagation, and large-scale neural coordination
are realized in the brain [20]-[22]. Advances in the study of
neural dynamics can deepen our understanding of informa-
tion processing in artificial neural networks and promote the
development of artificial intelligence models [23, 24].

Previous studies have shown that spiral wave patterns can
spontaneously emerge in neural networks with local connec-
tivity structures [16, 25]. However, the generation and propa-
gation of spiral waves strongly depend on network structural
parameters, neuronal dynamical parameters, and boundary
conditions, and their systematic influence mechanisms remain
to be further clarified. Motivated by these considerations,
we construct a locally connected neural network with two
dimension and systematically investigate the effects of lo-
cal connection range, refractory-related parameters, feedback
parameters, network size, and boundary conditions on the
generation of spiral waves. From a dynamical perspective, this
study aims to deepen the understanding of memory-related
neural dynamics in the brain.

II. MODELS
A. Neural network model

The nervous system of the brain is composed of tens of
billions of neurons connected in a complex but structured man-
ner. Considering the existence of chaotic phenomena in brain
dynamics, the Aihara chaotic neuron model proposed based
on electrophysiological experiments can effectively describe
chaos in nervous systems [16, 25]-[28]. Therefore, neurons in
the nervous system are modeled by using the Aihara chaotic
neuron. The Aihara chaotic neural network is a single-layer
interconnected neural network that considers both external



inputs and the summed interactions with other neurons. The
network dynamical equations are given as follows:

n(t) =kem(t —1) + Wa(t - 1), (1
C(t) = er(t - 1) - a$(t - 1) +a, (2
z(t) = f(n(t) +<(1)), 3)

where 7 is a vector representing the internal feedback state
of neurons, ¢ denotes the refractory term, « is the scaling
parameter of refractoriness, « represents the neuronal state,
and W is the connection weight matrix between neurons. The
output function adopts a sigmoid form, denoted as f(x) =
(1+exp(—x/e))~'. The parameters k, and k¢ are the decay
parameters of the refractory state and the internal feedback
state, respectively, and satisfy the corresponding constraints
0 < kr,kf < 1. a is also a vector that includes the external
inputs and corresponding activation threshold values of the
neurons. When the connection weight matrix W is determined
with the Hebbian learning rule, the network shows strong
associative memory capability.

For an M x M lattice neural network, the number of neurons
is N = M?2. In a neural network composed of N neurons,
the inter-neuronal connections usually adopt either global
connection or local connection. Considering that the number of
near neighbor connections in nervous systems is much larger
than that of long-range connections, local connection between
neurons is adopted in this work. Periodic boundary conditions
are applied in the network. For a locally conneced network,
a semi-connection distance d is defined. For the neuron ¢,
the set of neurons directly connected to it is denoted as .S;,
which contains (2d + 1)? neurons. Let dL and dT' denote the
longitudinal and transverse distances between two neurons,
respectively. Neurons ¢ and j are considered to be connected
if both dL and dT are no greater than d. Accordingly, the
set of neurons effectively connected to neuron ¢ is denoted as
S; = {j|dT(i,5),dL(%,j) < d}. The connection weights of
the locally connected network are defined using the Hebbian
learning rule:

((262 - 1)(2(?] - 1) =

for j € S;(i € S;), 4

0, otherwise,

where[-]denotes the ceiling function. In our study, M = 100,
corresponding to a neural network composed of 100 x 100 =
10,000 neurons. The stored pattern e and its inverted pattern
e are shown in Fig. 1. Neurons with output value 1 are
represented by black pixels “B, whereas neurons with output
value 0 are represented by white pixels “LJ. To visualize
the network state more intuitively, the neuronal outputs are
transformed by applying an exclusive-or (XOR) operation with
respect to the stored pattern e, defined as z} = e; @[z; —0.5].
After the XOR transformation, the stored pattern e, the in-
verted pattern €, and a representative network output shown
in the first row of Fig. 1 are converted into the corresponding
patterns shown in the second row of Fig. 1.
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Fig. 1. The stored pattern e, its inverted pattern €, and a representative
network output pattern (top), together with their corresponding patterns after
the XOR transformation (bottom).
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Fig. 2. Spiral wave formation process.

B. The formation of spiral waves

For the system described by Egs. (1)—(3), the initial condi-
tions are set as follows. At the initial time (¢ = 0), the refrac-

tory variable is initialized as (;(0) € [72(1fkr),+2(1fkr)],
(2d+1)? (2d+1)2
7;(0) € [— T kf)7+2(1 n )] are randomly selected, whereas

x;(0) € [0,1] is assigned With 0 or 1 randomly, satisfying
Z’é:l)xl ~ 5000. These rules are stipulated to avoid extreme
scenarios in which neuron clusters exhibit all dormancy or
all activation. The network parameters are set to d = 2,
kr = 0.95, kf = 0.15, a = 4.0, and € = 0.02. The net external
input a to all neurons in the network are uniform with «/2.
Fig. 2 shows the formation process of a spiral wave under
the given parameter setting. Due to the local connection and
associative memory properties of the network, neurons tend
to cluster into the stored pattern or its inverted pattern, and
the two patterns coexist and compete in space. Starting from
a random initial state, local clusters first emerge, followed by
the merging of same-pattern clusters into larger structures. A
curved interface forms between the two patterns. In regions
with large interface curvature, the two patterns rotate around
each other, generating spiral cores and ultimately spiral waves.

III. RESULTS

This section investigates the formation of spiral waves in a
locally connected neural network with two dimension. We fo-
cus on the effects of the local connection range, refractoriness-
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Fig. 3. Effects of different connection ranges d.

related parameters, network size, and boundary conditions on
the spatiotemporal dynamics of the network. Unless otherwise
specified, all results presented below are obtained under the
same initial conditions and parameter settings described in
Sect. II.

A. Effect of local connection range on spiral wave formation

We first examine the influence of the semi-connection
distance on the spatiotemporal dynamics of the network.
By changing the local connection radius d, the generation
and evolution of spiral waves under different connection
ranges are systematically investigated. In the simulations,
d=1,2,3,4,5,6 are considered. Numerical results show that
for the network with its size of M = 100, clear spiral wave
structures can be observed when d is taken from 1 to 5. As the
connection radius d increases, the spatial morphology of the
spiral waves changes significantly. For smaller d, spiral waves
appear more fragmented, with thinner arms and larger curva-
ture. With d increasing, the spiral waves become smoother,
the arms widen, and the overall curvature decreases. When
the conection range is further increased to d > 6, spiral waves
gradually disappear and the network tends toward a globally
synchronized state, with greatly simplified spatial structures.
This indicates that an excessively large local conncetion range
suppresses spatial heterogeneity, which is unfavorable for the
maintenance of complex spatiotemporal patterns such as spiral
waves. Overall, the local connection range is a key structural
parameter affecting the generation and stability of spiral
waves. A relatively small connection range helps preserve
spatial gradients and local asynchrony, providing favorable
conditions for spiral wave formation, whereas an overly large
connection range, corresponding to strong spatial connection,
tends to drive the system into a synchronized dynamical
regime, thereby hindering the generation and propagation of
spiral waves.

B. Effects of k, and ky on spiral wave formation

k, is the decay parameter of the refractory term. Refractori-
ness refers to the reduced or lost responsiveness of a neuron
to subsequent stimuli for a period after excitation, reflecting
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Fig. 4. Spiral wave formation under different k7 and k, conditions.

the recovery rate of a neuron from its previous firing. k; is
the decay parameter of the feedback term, which is associated
with interactions among neurons through feedback from other
neurons. k¢ modulates the rate at which feedback effects decay
over time. We investigate spiral wave formation by selecting
ky = 0.05,0.15,0.25,0.35 and k, = 0.75,0.95,0.98. The
results show that spiral waves can be generated under most
parameter combinations, except k, = 0.75, where spiral wave
formation becomes difficult.

C. Effect of o on spiral wave formation.

« is a scaling parameter that regulates the strength of re-
fractoriness, directly determining the extent to which a neuron
is influenced by its past firing activity between successive
time steps. In this study, o = 1,2,3,4,5,6 are selected to
systematically inspect the spatial morphology and stability of
spiral waves under different o values, as shown in Fig. 5. The
results show that for small «, the spiral waves formed in the
network exhibit a larger spatial scale, with wider spiral arms
and a smoother overall structure. As « increases, the spatial
scale of the spiral waves decreases, the spiral arms become
thinner, and the overall curvature increases. In conclusion, for
larger «, spiral waves can still stably exist, but is confined to
more localized spatial regions.

D. Effect of network size M on spiral wave formation

To examine the effect of network size, numerical sim-
ulations are performed on two-dimensional networks with
different sizes. The values M = 20,50, 100,200,500 are
considered.

The results show that when the network size is small (e.g.,
M = 20), the limited spatial extent causes the spiral core and
its arms to be strongly affected by the boundaries, making it
difficult for spiral structures to fully develop and leading to dis-
tortion or instability. As the network size increases (M > 50),
more complete spiral wave structures can gradually form in the
network. When the network size is further increased to M =
100, 200, 500, as long as the spiral core and its arms are fully
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Fig. 5. Effects of different o values on spiral wave formation.
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Fig. 6. Effects of different network sizes on spiral wave formation.

contained within the interior of the network, the conditions
for spiral wave generation, spatial morphology, and overall
dynamical characteristics remain essentially unchanged. The
main differences among networks of different sizes lie in the
number of spiral waves that can be accommodated and their
spatial distribution, while the local structure of an individual
spiral wave exhibits good scale invariance.

E. Boundary conditions: open boundary

In addition to network structure and neuronal dynamical
parameters, boundary conditions also play an important role in
shaping spatiotemporal dynamics. For an M x M lattice neural
network, two types of boundary conditions are considered.
One is the periodic boundary condition, in which the left and
right boundaries as well as the top and bottom boundaries
are connected, allowing direct information transmission across
boundaries. The other is the open boundary condition, in which
the left—right and top—bottom boundaries are disconnected, and
neurons at the boundaries do not directly exchange informa-
tion.

In the previous results, periodic boundary conditions are
mainly used to investigate spiral wave formation and its pa-
rameter dependence. To further examine the effect of boundary
conditions on spiral wave dynamics, the boundary condition
is switched from periodic to open while keeping the network
structure and neuronal parameters unchanged, and the system
evolution is compared. The results show that at the early stage
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Fig. 7. Evolution of spiral waves under open boundary conditions
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Fig. 8. Direct generation of spiral waves or target waves in an open-boundary
network with d = 5.

of evolution, spiral waves generated under open boundary
conditions do not exhibit significant differences in overall
morphology compared with those under periodic boundary
conditions, and clear spiral structures can still form in the
interior region of the network. However, as time progresses,
neurons at the boundaries, due to the reduced number of
effective connections, gradually deviate in their dynamics
from those in the interior, producing cumulative effects on
neighboring regions. After sufficient evolution, spiral waves
influenced by boundary effects emerge, as shown in Fig. 7.

When d takes larger values, the number of connections of
boundary neurons increases, and boundary effects are partially
alleviated. As a result, the interior region of the network can
still maintain relatively stable spiral wave structures, which are
similar to those generated under periodic boundary conditions
with the same parameter settings.

IV. DISCUSION AND CONCLUSION

Recent experimental studies have shown that spiral waves
are not rare or pathological dynamical phenomena, but rather
a fundamental form of spatiotemporal organization widely
observed across different brain states. Xu et al. reported that
interacting spiral waves identified from large-scale fMRI data
can organize complex brain dynamics and participate in the dy-
namic reconfiguration of cognitive processes [3]. Furthermore,
analyses of high-density EEG recordings during sleep revealed
that spiral waves are significantly associated with memory
consolidation, and that their stability and reproducibility can
predict individual memory retention performance [19].

This work systematically reveals that the emergence of spi-
ral waves in locally connected chaotic neural networks relies
on the synergistic interplay among refractoriness regulation,
feedback time scales, and spatial structures. In contrast to pre-
vious studies mainly based on continuous reaction—diffusion
equations or continuous-time neuronal models, we adopt a



discrete-time Aihara chaotic neuron model and systematically
investigate the effects of network parameters and boundary
conditions on spiral wave formation in strictly locally con-
nected two-dimensional networks. The results demonstrate
that, without introducing explicit spatial continuity, spiral
waves do not require fine-tuned conditions; instead, the
nonequilibrium dynamics arising from the intrinsic refractory
memory term and local connection are sufficient to enable the
network to self-organize into spiral waves with well-defined
phase singularities.

The interface of a spiral wave corresponds to the boundary
between the patterns e and e. In the ( — 7 phase plane, this
interface is represented by the condition { +n = 0. A pattern
transition indicates that a neuron satisfies (¢° + n°)(¢* +
n') < 0, at two consecutive time steps of to and t;. By
approximating 2f(y) — 1 with the sign function sgn(y), we
obtain

(0 1)k 4 Ry — S (1 4+ sgn(c” + 1)
+a+ (Wz),) <0.

®)

Based on the definition of the weight matrix W, (Wa°);
can be written as:

n

(Wal); =) wia) = (2e, = 1) Y (e; — le; — ) ©
j=1 JES;
= [Fz — Hl(azo)](Qel — 1),
where F; = 5 jes; € denotes the number of excited (active)

neurons within the connection range of neuron ¢ in the
stored pattern e, and Hi(z%) = 3 ;g le; — 2| is the
generalized Hamming distance between e and z° within the
connection range of neuron ¢ at time ¢y. To satisfy the above
spiral wave propagation condition, the generalized Hamming
distance must satisfy:

Hi(@) < Fi gt (b = k) O, )
Hi(a®) > Fi — go— (ky — k), ®)

where ¢/(> 0) indicates that |¢°| is approximately constant.
This constitutes the condition required for spiral wave propa-
gation.

When the connection range d is varied, F; changes, whereas
2o+ (k, — k)¢’ remains unchanged. For small d, F; is small
and the quantity F; + 1o + (k. — ky) ¢’ becomes relatively
large, making the propagation condition easier to satisfy. As a
result, spiral waves exhibit the largest curvature at d = 1. As
d increases, F; + 1o + (k. — ky) ¢’ becomes approximately
equal to F; = (|S;] & 1)/2, and it becomes difficult for
H;(x°) to simultaneously satisfy Eqs.7 and 8. Consequently,
the condition for spiral wave propagation can no longer be
met. Consistent with in vivo cortical observations reported by
Huang et al. [1], our results demonstrate that local interactions
play a crucial role in spiral wave formation. When the local
connection range becomes too large, the network tends toward
global synchronization and spiral waves disappear, which

is mechanistically consistent with experimental findings that
enhanced long-range connections suppress spiral waves.

The effect of the parameter o can also be analyzed using
Egs.7 and 8. When « is small, both « and ¢’ are small,
making it difficult for H;(z") to satisfy the spiral wave
propagation condition. As « increases, the range of H; that
satisfies the propagation condition expands. Since « scales the
strength of refractoriness, weak refractoriness allows neurons
to be reactivated almost immediately after firing, causing local
regions to rapidly synchronize and preventing spiral wave
formation at small spatial scales. With stronger refractoriness,
neurons remain suppressed for a period after firing, introducing
clear temporal differences between neighboring regions and
enabling excitation to propagate spatially. As a result, with
increasing «, the spatial scale of spiral waves decreases
accordingly.

Varying k, and k; requires particular attention to their
difference k, — ky. When this difference is small, the term
(kr — ky)(" is also small, making the propagation condition
more difficult to satisfy. Here, k, is the decay parameter
of the refractory term, while ky is the decay parameter of
the feedback term. This indicates that the relative decay
parameters between refractoriness and feedback, rather than
either mechanism alone, are the key factors determining spiral
wave formation.

The introduction of open boundary conditions reduces the
number of connected neurons at the boundaries, so that (W x);
at the boundary is smaller than that in the interior of the
network. The reduced neighborhood size S; leads to smaller
values of the feedback term 7, particularly at the four corners,
and this effect gradually influences the entire network. Only
when d is relatively large does the increase in S; partially
compensate for this effect, making the boundary influence less
pronounced. This boundary-induced weakening of feedback
introduces intrinsic spatial heterogeneity, causing boundary
neurons to detach from global synchronization earlier or more
easily. As the system evolves, such local differences can
propagate inward through network connections, affecting the
spatiotemporal dynamics of the entire network. This process
provides initial perturbations for spiral wave generation with-
out relying on external noise or specially designed initial
conditions, offering an alternative mechanism for spiral wave
formation.

Taken together, the above results indicate that spiral wave
formation is not triggered by a single parameter, but is jointly
determined by the strength of refractoriness, the time-scale
difference between refractoriness and feedback, and the spatial
connection structures. These factors collectively regulate the
local excitability of neurons and the continuity of spatial phase,
thereby shaping propagating excitation patterns in the network.

Previous study by Xu et al. has shown that the spatiotempo-
ral stability of spiral waves is closely related to memory func-
tions [3]. The neural network adopted in this work intrinsically
possesses associative memory capability. Recent experimental
studies further suggest that spiral waves emerging during
sleep are strongly correlated with memory consolidation [18].



Although specific cognitive tasks are not explicitly modeled
here, our results imply that spontaneously generated spiral
waves in networks with memory storage ability may provide
a dynamical substrate for the spatiotemporal organization of
memory-related information.

In summary, we employ a neural network to simulate the
generation of spiral waves in nervous systems and show
that their emergence and propagation depend on network
parameters and structures, provided that the corresponding
propagation conditions are satisfied. From a broader per-
spective, traveling wave patterns such as spiral waves are
increasingly recognized as being closely associated with in-
formation transmission and memory-related processes in the
brain. The present results offer a simplified yet controllable
modeling framework for understanding spatiotemporal activ-
ity patterns in finite-size, structurally heterogeneous nervous
systems. A deeper understanding of the conditions for spiral
wave generation and their dynamical behaviors may contribute
to elucidating memory-related mechanisms in the brain, and
such insights into brain dynamics may, in turn, inspire future
developments in artificial intelligence.

ACKNOWLEDGMENT

This research was supported by the National Natural Sci-
ence Foundation of China (Grant Number 62276229) and
Taizhou Science and Technology Planning Project, China
(Grant Number 25gya09).

REFERENCES

[1] X. Huang, W. Xu, J. Liang, K. Takagaki, X. Gao, and J.-y. Wu, “Spiral
wave dynamics in neocortex,” Neuron, vol. 68, no. 5, pp. 978-990, 2010.

[2] M. Boucher-Routhier and J.-P. Thivierge, “A deep generative adversarial
network capturing complex spiral waves in disinhibited circuits of the
cerebral cortex,” BMC neuroscience, vol. 24, no. 1, p. 22, 2023.

[31 Y. Xu, X. Long, J. Feng, and P. Gong, “Interacting spiral wave
patterns underlie complex brain dynamics and are related to cognitive
processing,” Nature Human Behaviour, vol. 7, pp. 1196-1215, 2023.

[4] Y. Gu, L. E. Sainburg, S. Kuang, F. Han, J. W. Williams, Y. Liu,
N. Zhang, X. Zhang, D. A. Leopold, and X. Liu, “Brain activity fluc-
tuations propagate as waves traversing the cortical hierarchy,” Cerebral
cortex, vol. 31, no. 9, pp. 3986-4005, 2021.

[5] M. Foster and D. Scheinost, “Brain states as wave-like motifs,” Trends
in Cognitive Sciences, vol. 28, no. 6, pp. 492-503, 2024.

[6] R. V. Raut, A. Z. Snyder, A. Mitra, D. Yellin, N. Fujii, R. Malach, and
M. E. Raichle, “Global waves synchronize the brain’s functional systems
with fluctuating arousal,” Science advances, vol. 7, no. 30, p. eabf2709,
2021.

[71 N. Kharas, A. Andrei, S. R. Debes, and V. Dragoi, “Brain state limits
propagation of neural signals in laminar cortical circuits,” Proceedings
of the National Academy of Sciences, vol. 119, no. 30, p. €2104192119,
2022.

[8] Z. Ye, M. S. Bull, A. Li, D. Birman, T. L. Daigle, B. Tasic, H. Zeng,
and N. A. Steinmetz, “Brain-wide topographic coordination of traveling
spiral waves,” bioRxiv, pp. 2023-12, 2023.

[9]1 A. Das, E. Zabeh, B. Ermentrout, and J. Jacobs, “Planar, spiral, and con-

centric traveling waves distinguish cognitive states in human memory,”

bioRxiv, pp. 2024-01, 2024.

R. F. Helfrich, I. C. Fiebelkorn, S. M. Szczepanski, J. J. Lin, J. Parvizi,

R. T. Knight, and S. Kastner, “Neural mechanisms of sustained attention

are rhythmic,” Neuron, vol. 99, no. 4, pp. 854-865, 2018.

Z. W. Davis, L. Muller, J. Martinez-Trujillo, T. Sejnowski, and J. H.

Reynolds, “Spontaneous travelling cortical waves gate perception in

behaving primates,” Nature, vol. 587, pp. 432-436, 2020.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

(21]

(22]

(23]

[24]

[25]

[26]

(27

(28]

S. Bhattacharya, S. L. Brincat, M. Lundqvist, and E. K. Miller, “Trav-
eling waves in the prefrontal cortex during working memory,” PLoS
computational biology, vol. 18, no. 1, p. e1009827, 2022.

U. R. Mohan, H. Zhang, B. Ermentrout, and J. Jacobs, “The direction of
theta and alpha travelling waves modulates human memory processing,”
Nature Human Behaviour, vol. 8, pp. 1124-1135, 2024.

D. Rubino, K. A. Robbins, and N. G. Hatsopoulos, “Propagating waves
mediate information transfer in the motor cortex,” Nature neuroscience,
vol. 9, no. 12, pp. 1549-1557, 2006.

K. Takahashi, S. Kim, T. P. Coleman, K. A. Brown, A. J. Suminski,
M. D. Best, and N. G. Hatsopoulos, “Large-scale spatiotemporal spike
patterning consistent with wave propagation in motor cortex,” Nature
communications, vol. 6, no. 1, p. 7169, 2015.

Y. Li, M. Oku, G. He, and K. Aihara, “Elimination of spiral waves in
a locally connected chaotic neural network by a dynamic phase space
constraint,” Neural Networks, vol. 88, pp. 9-21, 2017.

J.-Y. Wu, X. Huang, and C. Zhang, “Propagating waves of activity in
the neocortex: what they are, what they do,” The Neuroscientist, vol. 14,
no. 5, pp. 487-502, 2008.

L. Muller, G. Piantoni, D. Koller, S. S. Cash, E. Halgren, and T. J.
Sejnowski, “Rotating waves during human sleep spindles organize global
patterns of activity that repeat precisely through the night,” Elife, vol. 5,
p. €17267, 2016.

Y. Xu, A. Mclnnes, C.-H. Kao, A. D’Rozario, J. Feng, and P. Gong,
“Spatiotemporal dynamics of sleep spindles form spiral waves that pre-
dict overnight memory consolidation and age-related memory decline,”
Communications Biology, vol. 8, no. 1, p. 1014, 2025.

G. Yu, J. Ma, Y. Jia, and J. Tang, “Dynamics of spiral wave in the
coupled hodgkin—huxley neurons,” International Journal of Modern
Physics B, vol. 24, no. 23, pp. 4555-4562, 2010.

G. V. Osipov and J. J. Collins, “Using weak impulses to suppress
traveling waves in excitable media,” Physical Review E, vol. 60, no. 1,
p. 54, 1999.

A. Bukh, G. Strelkova, and V. Anishchenko, “Spiral wave patterns in
a two-dimensional lattice of nonlocally coupled maps modeling neural
activity,” Chaos, Solitons & Fractals, vol. 120, pp. 75-82, 2019.

D. Gong, X. Wan, and D. Wang, “Working memory capacity of chatgpt:
An empirical study,” in Proceedings of the AAAI conference on artificial
intelligence, vol. 38, no. 9, 2024, pp. 1004810 056.

P. Krauss, “Artificial intelligence and brain research,” Neural networks,
deep learning and the future of cognition, 2024.

M. Oku and K. Aihara, “Traveling waves in locally connected chaotic
neural networks and their phenomenological modeling,” in Advances in
Cognitive Neurodynamics (III), Y. Yamaguchi, Ed. Dordrecht: Springer
Netherlands, 2013, pp. 213-219.

K. Aihara, T. Takabe, and M. Toyoda, “Chaotic neural networks,”
Physics Letters A, vol. 144, no. 6, pp. 333-340, 1990.

J. Li, G. Lv, H. Zheng, Z. Li, P. Zhu, and G. He, “Eliminating spiral
waves in neural networks using external stimuli,” Nonlinear Dynamics,
vol. 113, no. 22, pp. 31577-31595, 2025.

G. He, L. Chen, and K. Aihara, “Associative memory with a controlled
chaotic neural network,” Neurocomputing, vol. 71, no. 13, pp. 2794—
2805, 2008.



