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Inhibitory Dynamics in a Two-Population Kuramoto Model Captures
Scale-Free Avalanches and Synchronization in Neuronal Cultures
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Neuronal cultures exhibit a complex activity, bursts, or avalanches, characterized by the coexistence of scale
invariance and synchronization, quite stable with the percentage of inhibitory neurons. While this bistable
behavior has been already observed in the past, the characterization of the statistical properties of avalanche
activity and their temporal organization is still lacking, as well as a model able to reproduce these dynamics.
Here we analyze experimental data of human neuronal cultures with controlled percentage of inhibitory neurons
and characterize their statistical properties and dynamical organization. In order to model the experimental data,
we propose a novel version of the Kuramoto model for two populations of oscillators, excitatory and inhibitory,
implementing successfully the inhibition dynamics. The model can fully reproduce the experimental results,
confirming the existence of correlations in the temporal organization of avalanche activity and the presence of
an amplification-attenuation regime, as found in the human brain.

DOI: 10.1103/j7c1-7yj8

I. INTRODUCTION

Neuronal networks, both in vivo and in vitro, often ex-
hibit complex activity patterns characterized by intermittent
bursts of activity, named avalanches, separated by periods
of relative quiescence. Previous studies on cortical murine
cultures have shown that such systems may exhibit neuronal
avalanches, with a broad range of sizes and durations, typi-
cally following power-law distributions [1,2]. This dynamical
regime has been proposed as a hallmark of criticality, sug-
gesting that the brain might operate near a critical point to
optimize information processing [3]. In parallel, in vitro net-
works also revealed strong synchronization phenomena [4].
The coexistence of distinct dynamical regimes, i.e., quiescent
or weakly active states and strongly synchronized states, can
be explained by the concept of self-organized bistability [5].
Within this framework, criticality and synchronization in ex-
citable networks coexist [6,7]. A minimal model capturing
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these features is the active rotator model [7,8], an extension
of the Kuramoto model, which has long been a cornerstone to
describe synchronization phenomena and collective dynamics
[9,10]. Unfortunately, the original Kuramoto model is not suit-
able for reproducing avalanche-like or intermittent dynamics
[7]. Conversely, oscillators in the active rotator model exhibit
excitable behavior [11–13], leading the system activity to
organize into avalanches whose size and duration distributions
exhibit bimodality, consisting of a power-law regime followed
by a bump associated with synchronized bursting [7,14]. More
recently, this model has been also extended to analyze syn-
chronization on fruitfly and human connectomes [8,15].

In this work, we extend the model to include an in-
hibitory population. Two-population Kuramoto models have
been studied extensively in the context of coupled oscillators
[16–19], but inhibition is often modeled by simply changing
the sign of the interaction constant, which only partially re-
flects biological interaction since it might enhance the overall
activity of the network [19,20]. Here, instead, the inhibition
is taken into account by introducing a time dependence in the
amplitude of the potential term entering the oscillator dynam-
ics, ensuring that the interaction between the two populations
leads to biologically plausible inhibition dynamics. Build-
ing on this biologically grounded Kuramoto model, we then
directly compare experimental and numerical avalanche dy-
namics obtained from human-induced pluripotent stem cells
(hiPSCs) derived cortical networks coupled to microelec-
trode arrays (MEAs). These cultures are systematically plated
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FIG. 1. Representative images of hiPSC-derived neuronal cultures. (a) Neuronal network plated on a MEA at a density of 1200 cells/mm2;
electrodes are visible beneath the neuronal layer. [(b) and (c)] Representative network images at DIV70 of (b) 100E and (c) 75E:25I cultures.
Neurons were labeled for NeuN (red) and GABA (green) to visualize the neuronal population and distinguish GABAergic from glutamatergic
populations. (d) Raster plots of the spontaneous activity of representative 100E (on the left) and 75E:25I (on the right) neuronal cultures at
DIV70. A black dot and a dense band represent a detected spike and a network burst, respectively.

controlling the ratio between excitatory and inhibitory cells
to explore how the excitation-inhibition (E:I) balance shapes
network activity [21]. In particular, we consider two E:I ra-
tios: the physiological condition with 75% excitatory to 25%
inhibitory neurons (75E:25I) and the limit case of fully ex-
citatory networks (100E). It was recently proved that acting
on the E:I balance, a modulation of the bursting activity
is possible: If in vitro physiological cortical networks dis-
play a bursting-dominated activity, purely inhibitory networks
abolish bursting activity, while purely excitatory assemblies
display only few bursts [21].

Traditional analyses of neuronal avalanches have mainly
focused on static properties, such as size and duration dis-
tributions and their scaling relations [1]. While informative,
these measures do not fully capture the temporal organization
of activity. To address this, we complement them with dynam-
ical metrics, including interevent interval distributions and
conditional probabilities linking avalanche sizes to preced-
ing interevent times [22,23]. This approach provides deeper
insights into the network activity and reveals different dynam-
ical regimes.

The structure of the paper is as follows. Section II describes
both the experiments and the model, including plating pro-
cedures, electrophysiological recordings, and the definition
of avalanches. We also present the active Kuramoto model
with our novel implementation of inhibition dynamics. Sec-
tion III is devoted to the core analysis of the present work,
that is, the comparison between experimental and numeri-
cal results, examining both static and temporal properties of
avalanche activity. We first extract size and duration distri-
butions, showing also the verification of the scaling relation
for the conditional expectation of the avalanche size given its
duration, predicted by Sethna scaling theory [24–26]. Next,
we discuss the properties of the intertime distributions and

explain how we define the physical timescale of the model
through a comparison to the experimental data. We then
analyze conditional probabilities of the increments between
subsequent avalanches as a function of the time elapsed
between them. Finally, we discuss the implications of our
findings in Sec. IV.

II. MATERIALS AND METHODS

A. Generation and culturing of hiPSC-derived
neuronal networks

hiPSCs have been differentiated in excitatory and in-
hibitory neurons as described in Ref. [21]. Two different E:I
configurations have been considered in this work: 100% exci-
tatory (100E) and 75% excitatory-25% inhibitory (75E:25I).
Figures 1(a)–1(c) show representative networks imaging for
these two configurations. Electrophysiological recordings
have been conducted at 70 days in vitro (DIV) by using
MEAs with 60 TiN electrodes (30 µm diameter, 200 µm spac-
ing, 8 × 8 grid), connected to the MEA2100 system (Multi
Channel Systems, Reutlingen, Germany). After a 10-min ac-
climation outside the incubator, spontaneous neuronal activity
has been recorded for 15 min at 37 °C and sampled at 10 kHz.
Data have been preprocessed by means of the peak detection
algorithm devised in Ref. [27]. Practically, by setting a dif-
ferential threshold for each electrode (8 times the standard
deviation of the signal’s biological and thermal noise), the
peak lifetime period (1 ms), and the refractory period (0 ms),
spikes have been identified and used as peak trains for all the
presented analyses.

B. Experimental analysis

The dataset used for the analysis presented in this work
consists of n100E = 6 and n75E:25I = 5 samples for purely
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TABLE I. Time bin tb of individual samples for the exper-
iments on purely excitatory (100E) and physiological (75E:25I)
configurations.

100E 75E:25I
Sample tb (ms) tb (ms)

1 8 12
2 11 6
3 10 11
4 9 8
5 5 9
6 4 –

excitatory (100E) and physiological (75E:25I) networks, re-
spectively. After spike detection, we estimate the interspike
interval (ISI) defined as the time between consecutive spikes
in the network. To exclude coincidental simultaneous events,
only ISIs greater than 1 ms are considered. Given the elec-
trode spacing, this threshold ensures that only spikes with
a plausible causal relationship are included in the analysis.
Avalanche analysis is then performed using the full spike
trains, with activity evaluated at the bin level, where a bin
is considered active if at least one spike is present on any
electrode. Following the approach introduced in Ref. [1],
the time bin tb is defined as the average ISI, which sets
the characteristic timescale of activity in each sample. This
choice is more general than the alternative criterion enforcing
a unit branching ratio σ [28]. Although the two approaches
coincide for critical dynamics [1], they differ otherwise: The
ISI-based criterion captures the intrinsic timescale of the net-
work independently of the dynamical regime, whereas the
branching-ratio criterion selects the bin size that imposes
σ = 1. Since the experimental evidence indicates that the
dynamics is not critical because of the presence of an excess
of avalanches encompassing the entire system, the ISI-based
approach is more appropriate for the synchronized signals
analyzed here.

C. Avalanche detection

To identify avalanches, neuronal activity from each MEA
has been organized into raster plots [see Figs. 1(d)], where
rows correspond to recording channels and columns to record-
ing times. Figure 1(d) clearly shows the role of inhibition
in the dynamics. Compared to fully excitatory networks, the
physiological cultures feature a sparser activity in the scaling
regime, whereas synchronized activity, involving the entire
system, tends to last longer. To construct the binned raster
plot, the total recording time has been divided into contigu-
ous, nonoverlapping time windows (bins) of fixed duration
tb, whose values are reported in (Table I), ensuring that the
temporal resolution matches the intrinsic timescale of the net-
work. For each channel and bin, the number of detected spikes
has been counted. Bins containing at least one spike have
been marked as active, while those with no spikes have been
marked as inactive. This binarized representation captures the
temporal structure of network activity. The overall activity at
each time bin has then been obtained as the sum of active
channels, and avalanches have been defined as sequences of

consecutive active bins, bounded before and after by at least
one inactive bin. Each avalanche is characterized by its size
S representing the total number of active electrodes, and its
duration T corresponding to the number of consecutive active
bins multiplied by the bin size. More precisely, the avalanche
size S and duration T are obtained as S = ∑Nbins

k=1 nk and T =
Nbinstb, where nk is the number of active channels in the kth
bin and Nbins the number of consecutive active bins forming
the avalanche. Finally, the interevent time �t has been defined
as the time interval between the end of one avalanche and
the start of the next one. We notice that avalanche statis-
tics result from the collective interplay between excitatory
and inhibitory populations. Although inhibitory neurons are
identified through immunolabeling, this labeling is performed
separately from the electrophysiological recordings. As a re-
sult, it is not possible to assign recorded spike trains to
individual inhibitory cells and then to quantify their specific
contribution to avalanche dynamics.

D. Avalanche statistics

The distributions of sizes S and durations T follow power-
law distributions [1–3],

P(S) ∼ S−τ , P(T ) ∼ T −α. (1)

Within the scale-free regime we also have considered the
average size of avalanches with fixed duration T which also
follows a power-law dependence on T [24–26],

〈S〉S|T ∼ T γ . (2)

These power-law distributions appear frequently during anal-
ysis of experimental data and might not be related to the
presence of a critical point [29–31]. Notwithstanding, as
demonstrated by Sethna in the context of crackling noise
[24–26], for critical systems the exponent γ is related to α

and τ by the scaling relation

γ = α − 1

τ − 1
. (3)

The above relation was proven to hold for a wide class of ex-
perimental systems or computational models, independently
of the values assumed by the two exponents τ and α [32].

E. Intertime distribution

The intertime �t is the duration of the quiescent period that
separates the end of a neuronal avalanche and the beginning
of the subsequent one. The probability distribution of the
intertimes P(�t ) differs from the Poisson distribution when
avalanches are correlated in time [33]. In this situation, P(�t )
might show power-law regimes P(�t ) ∼ �t−μ being μ the
relative exponent [23].

F. Conditional probability analysis

The organization of avalanches of different size in time is
evidenced by the study of the conditional probability P(s0, t0)
of a size difference �S = S(i+1) − S(i) � s0 given the value of
the intertime �t � t0. Specifically, P(s0, t0) is defined as

P(s0, t0) = N (�s < s0; �t < t0)

N (�t < t0)
, (4)
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where N (�t < t0) is the number of event couples with tempo-
ral distance �t less than t0 while N (�s < s0; �t < t0) is the
number of such couples with difference �s smaller than s0.
To quantify the strength of correlations, P(s0, t0) is compared
with a surrogate probability P(s0, t0) defined as in Eq. (4) but
for a different sequence of {�S,�t}. The surrogate sequence
{�S,�t} is obtained by reshuffling the original avalanche
sizes S while preserving the exact occurrence times. This
ensures that the marginal distributions of sizes and intertimes
coincides with the original ones, but all correlations are de-
stroyed. For a large number of reshuffling P̄ is a Gaussian with
standard deviation σ . The difference

δP = P − P̄ (5)

quantifies the deviation of the real avalanche sequence from
random occurrence. If δP � 2σ , then the real avalanche se-
quence can be considered as a possible realization of random
sequences and therefore avalanche sizes and occurrence times
are uncorrelated. For fixed t0, the behavior of δP as a function
of s0 provides useful information about amplification or at-
tenuation mechanism in avalanche occurrence. A maximum
of δP for �S < 0 and �S > 0, indicates that, on average,
avalanches close in time are attenuated or amplified in size,
respectively [22,34].

G. Model

1. Purely excitatory active Kuramoto model

The active Kuramoto model extends the classic one by
incorporating conservative forces into the dynamics of cou-
pled oscillators [11,12,16,35–37]. In the standard paradigm,
neurons (oscillators) are characterized by their natural fre-
quencies and coupled to all others through phase interactions.
A neuron is assumed to fire whenever its phase crosses a fixed
threshold (e.g., π

2 ). The active model modifies this picture by
introducing a conservative force that confines the dynamics
of each oscillator close to a stable-fixed point representing
the neuron resting potential. In this setting, neurons fire either
when random fluctuations push them out of the stability region
or when they are triggered by interactions with connected
firing neurons [7,8]. Formally, each neuron j is represented
by a variable θ j that evolves according to [7,11,12,16]

θ̇ j = ω j + ξ j − K

N

∑

l

sin(θ j − θl ) + a sin(θ j ), (6)

where N is the number of coupled oscillators, ω j is an intrinsic
random frequency with distribution g(ω), K is the coupling
strength, a is the amplitude of the conservative force, and ξ j

a Gaussian white noise with variance σ 2
ξ . The original Ku-

ramoto model corresponds to Eq. (6) with a = 0. For g(ω) =
δ(ω − ω̄), with ω̄ a fix value of ω, the system can settle close
to a critical point where the oscillators are synchronized and
avalanches follow power-law distributions [7,8]. The critical
point corresponds to a particular synchronization transition
[7,8]. Here we consider g(ω) = N (ω̄, σω ), i.e., a Gaussian
distribution with standard deviation σω = 0.1 and mean ω̄.
This fully excitatory model (100E) is exactly the same as in
Refs. [7,8], which exhibits a hybrid-type synchronization tran-
sition (HT). We emphasize, however, that in our experiments

the reported avalanche distributions are scale-free only over a
limited regime and the dynamics include strong synchroniza-
tion excluding the possibility for the system to be truly critical.
For this reason, the parameters chosen in our simulations are
close to the HT transition but inside the synchronized regime,
which helps to reproduce the experimental avalanche statis-
tics. This suggests, without proving, that HT-like dynamics
may be relevant for the experimental system. For the param-
eters of the model, unless otherwise specified, we set K = 1,
ω̄ = 1, a = 1.055, σξ = 0.42, and N = 500.

To perform the analysis of numerical avalanche dynamics,
we must first define how spikes are extracted from oscillator
phases and how the corresponding raster plot is built. Follow-
ing Ref. [7], we associated to each neuron with phase θ j a
function

y j = 1 + sin(θ j ), (7)

which spans from 0 to 2 for θ j ∈ (−π, π ]. Spikes of jth
neuron are identified whenever y j exceeds the threshold yth =
1.6. This choice ensures that only marked variations of the
oscillator trajectory are counted as firing events. Consistently
with the analysis of experimental recordings (see Sec. II B),
we set the time bin tb equal to the interspike interval. Note that
in the model tb is a nondimensional constant, and its mapping
to a physical time value must therefore be calibrated against
experimental data (Sec. III B).

2. Active Kuramoto model with inhibition dynamics

To take into account a second population of oscillators rep-
resenting inhibitory neurons, we have extended the dynamics
of Eq. (6). In the purely excitatory model, the interaction term
tends to align the phase θ j of each neuron to the average phase
of the population �, defined through the following relation:

Rei� = 1

N

N∑

j=1

eiθ j , (8)

where R is the norm of the Kuramoto-Daido order parameters
[37]. Accordingly, Eq. (6) can be rewritten in terms of R and
� as

θ̇ j = ω j + ξ j − KR sin(θ j − �) + a sin(θ j ), (9)

which makes the mean-field alignment nature of the interac-
tion explicit [10,16,36,37]. Many theoretical and numerical
studies have generalized Eq. (9) to multipopulation systems
[10,12,16,19,35,37]. In such models, the interactions between
different populations have the same form as in Eq. (9) but with
distinct coupling constants K , which may also take negative
values. While this assumption is reasonable for excitatory
neurons, it is not biologically appropriate for an inhibitory
population. Indeed, when an inhibitory neuron fires, the ac-
tivity of connected neurons must decrease. Conversely, it has
been shown that this type of inhibition interaction might en-
hance activity and synchronization [19,20]. While evidence
suggests that suppression of activity in other areas of neuronal
systems can effectively enhance global activity [38], the in-
crease in activity of the connected neurons is not physical.
This unrealistic scenario occurs because inhibition is mod-
eled as a purely repulsive force, which may induce excitatory
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neurons to spike when the inhibitory oscillators’ phase is close
to the stable position of the excitatory ones.

To heal the contradiction with the behavior of real neurons,
we have modified the conservative potential so that its am-
plitude depends on the activity of the inhibitory population.
Defining the phases of a generic excitatory or inhibitory neu-
ron as θ

(E )
j and θ

(I )
j , their evolution equations are as follows:

θ̇E
j = ω j + ξ j − KE RE sin

(
θE

j − �E
)

+ [
a + KI R

2
I cos2(�I )

]
sin

(
θE

j

)

θ̇ I
j = ω j + ξ j − KE RE sin

(
θ I

j − �E
)

+ [
a + KI R

2
I cos2(�I )

]
sin

(
θ I

j

)
, (10)

where RE , RI , �E , and �I are defined by

RE ei�E = 1

NE

NE∑

j=1

eiθE
j ,

RI e
i�I = 1

NI

NI∑

j=1

eiθ I
j . (11)

In Eq. (10), each neuron tends to align its phase with the
average activity of the excitatory population, while inhibitory
activity modulates the conservative potential. This is imple-
mented by the terms in square brackets, which effectively
drive all neurons towards their quiescent state depending on
the average activity of inhibitory neurons, reducing their firing
probability.

By setting KE = K NE
N and KI = K NI

N , the model reduces to
Eq. (9) when NE = N . From the biological point of view, the
inhibition dynamics implemented here captures the regulatory
effect of inhibition in balancing excitation. In different models
[6,14], this stabilization is introduced by synaptic resource
depletion only, but here we focus exclusively on inhibition
dynamics and do not include explicitly the synaptic fatigue.
Despite these differences, the inhibitory mechanism intro-
duced in the model can be seen as a self-regulating process
that keeps the system near a synchronization transition, in
a spirit similar to the activity-dependent feedback schemes
discussed in Refs. [6,14].

The phase diagram of this model as a function of the
amplitude of noise σξ and the amplitude of the conservative
potential a (which is shown in SM [39]) closely resembles the
one already obtained for the purely excitatory case in Ref. [7].
As explained in SM [39], the small differences in the phase
diagram can be understood within the theoretical framework
of linear response theory [40–43]. The parameters have been
set as follows: KE = 0.75, KI = 0.85, ω̄ = 1, σω = 0.05, a =
0.92, σξ = 0.35, and N = 750. To determine the avalanche
dynamics in this case, we apply the same procedure described
above for the single-population model. We emphasize that
these parameters have been determined heuristically from a
comparison between experimental and numerical avalanche
statistics and not by a fitting procedure over experimental data.

3. External Poisson noise

The variability among different experimental samples
within a given network class (i.e., 100E or 75E:25I) not only

leads to different scaling exponents but can also be quantified
by examining the Fano factor, that is the ratio between the
variance and the mean of the number of spikes within a given
time window. For the purely excitatory networks, there is a
positive correlation between the exponents and this measure
of variability (see SM [39]). Conversely, for the 75E:25I net-
works, the measures of this ratio are too noisy to reliably
assess the variability. To reproduce this variability in numeri-
cal simulations, we have included an additional noise source
into the model. Noise is treated as an external contribution
superposed to the simulated raster plot. In particular, in each
channel and to each bin we have added an entry that has
probability p of being active and probability 1 − p of be-
ing inactive. The external noise has a double effect. On the
one side, it reduces the probability of small avalanches by
merging avalanches together. On the other hand, it reduces
the interspike time, and therefore the time bin tb, used for
the avalanche detection, fragmenting large avalanches into
smaller ones. In both single- and two-population models, two
different noise levels have been used (p = 10−5 and p = 10−4

for 100E, p = 10−4 and p = 5 × 10−4 for 75E:25I).

H. Power-law fitting and error estimation

Power-law exponents for avalanche size, duration, and
interevent interval distributions have been estimated using
least-squares fitting in log-log scale. Empirical distributions
have been first log-binned to reduce fluctuations in the tails.
Linear regression has been then applied on the log-binned
probability density function. Fitting has been restricted to the
scaling regime, namely selected linear regions of the log-
log plots, excluding the peak associated with synchronized
bursting and the noisy tail at large event sizes. To assess the ro-
bustness of the fitted exponents, we have systematically varied
the fitting window. The reported uncertainty has been taken as
half the maximum variation observed across the tested ranges.
This approach reflects how sensitive the fitted exponent is to
the selected bounds and provides a conservative estimate of
the exponents in data with nonideal power law. Maximum
likelihood methods and goodness-of-fit tests have not been
applied, because bimodality violates their assumptions. The
error on derived quantities, as the exponent γ estimated by
Eq. (3), has been computed using the standard error propa-
gation formula. The error on crossover time estimated from
the distribution of intertimes P(�t ) has been computed from
the intersection between the two power laws by varying the
fitting window. The difference of conditional probabilities δP,
instead, has been computed as an average over M = 103 surro-
gate distributions while the error bars have been estimated as
three standard deviations of the Gaussian distribution obtained
for reshuffled data. Finally, the crossover time for δP has
been estimated from the plots. An uncertainty of 5tb has been
assigned, reflecting the variability in identifying the crossover
curve.

III. RESULTS

A. Avalanches

We investigate the properties of neuronal avalanches in
electrophysiological recordings of hiPSC-derived cortical
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FIG. 2. Size and duration distributions for experimental and numerical data with superimposed theoretical power-law behavior (dashed and
dot-dashed lines). Circles and squares represent samples with high or low values of the exponents τ and α, respectively. (a) Size distribution
of experiments on purely excitatory networks. (b) Size distribution of experiments on physiological networks. [(c) and (d)] Size distributions
of single- and two- population active Kuramoto model with inhibition dynamics. (e) Duration distribution of experiments on purely excitatory
networks. (f) Duration distribution of experiments on physiological networks. [(g) and (h)] Duration distributions of single- and two-population
active Kuramoto model with inhibition dynamics.

cultures with different E:I ratios: purely excitatory (100E)
and physiological (75E:25I) networks. The avalanche size
and duration distributions [Figs. 2(a), 2(b), 2(e), and 2(f)]
exhibit bimodal shapes. In particular, large and long-lasting
avalanches associated with network-level synchronization
phenomena show narrow distributions, while avalanches of
intermediate size follow a power-law pattern extending for
nearly two decades. Analysis of individual samples (Table II)
reveals that both 100E and 75E:25I networks can be divided
into two subgroups based on their scaling exponent values
for avalanche size and duration distributions. Average group
distributions indicate the existence of an intermediate scaling
regime with exponents τ and α which are larger for higher
values of the Fano factor (see SM [39]).

Interestingly, the decrease of the distributions is steeper
for fully excitatory networks compared to physiological ones.
These results can be explained in terms of the experimental
observation [21], evidencing that in fully excitatory networks
synchronization occurs with a higher frequency with respect

TABLE II. Critical exponents of the avalanche distributions for
individual samples for the experiments on purely excitatory (100E)
and physiological (75E:25I) networks.

100E 75E:25I

Sample τ α τ α

1 3.3 ± 0.2 3.6 ± 0.3 2.9 ± 0.2 3.4 ± 0.2
2 2.8 ± 0.1 3.2 ± 0.2 3.0 ± 0.2 3.3 ± 0.3
3 2.8 ± 0.1 3.3 ± 0.2 2.1 ± 0.1 2.5 ± 0.2
4 3.3 ± 0.2 3.7 ± 0.3 2.0 ± 0.1 2.6 ± 0.2
5 3.2 ± 0.2 3.6 ± 0.3 2.0 ± 0.2 2.4 ± 0.2
6 3.2 ± 0.2 3.5 ± 0.3 – –

to physiological cultures. Therefore, synchronization hampers
the occurrence of large avalanches in favor of bursts encom-
passing the entire system.

Notably, the exponents τ and α reported in Table III
are larger than those usually found in literature for sponta-
neous activity in neuronal cultures and not compatible with
those of the universality class of the mean-field branch-
ing process (τ = 3

2 and α = 2) [1,3,44]. An emerging
paradigm in brain dynamics is the concept of self-organized
bistability [14], which suggests that neural networks op-
erate near a synchronization transition, where scale-free
avalanches can arise [6,7,14]. To explore this, we em-
ploy the active rotator model generalizing the Kuramoto

TABLE III. Average values of the exponents of size (τ ) and du-
ration (α) distributions and of conditional expectation 〈S〉S|T (γ ). The
first line in each sector gives the average exponents taken over sub-
groups of samples sharing the same avalanche distribution exponents
(samples {1, 4, 5, 6} and {2, 3} for 100E; samples {1, 2} and {3, 4, 5}
for 75E:25I). The second line shows the corresponding numerical
values with p indicating the Poisson noise. The values refer to results
obtained from a fitting procedure (see Sec. II). In the last column, the
values are obtained by the scaling relation (3).

Data τ α γ γ [Eq. (3)]

Exp 100E 2.7 ± 0.2 3.3 ± 0.2 1.3 ± 0.1 1.3 ± 0.2
p = 10−5 100E 2.8 ± 0.2 3.3 ± 0.2 1.2 ± 0.1 1.3 ± 0.2
Exp 100E 3.1 ± 0.2 3.7 ± 0.3 1.2 ± 0.1 1.3 ± 0.2
p = 10−4 100E 3.1 ± 0.3 3.7 ± 0.2 1.2 ± 0.1 1.3 ± 0.2
Exp 75E:25I 2.1 ± 0.2 2.5 ± 0.2 1.2 ± 0.1 1.3 ± 0.3
p = 10−4 75E:25I 2.1 ± 0.3 2.5 ± 0.2 1.3 ± 0.2 1.3 ± 0.3
Exp 75E:25I 2.9 ± 0.2 3.3 ± 0.2 1.2 ± 0.1 1.2 ± 0.2
p = 5 · 10−4 75E:25I 2.7 ± 0.3 3.1 ± 0.2 1.3 ± 0.2 1.2 ± 0.3
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FIG. 3. Conditional expectation of avalanche size 〈S〉S|T for experimental and numerical data with superimposed theoretical power-law
behavior (dashed and dot-dashed lines). Circles and squares represent groups with high or low values of the exponents τ and α, respectively.
(a) Experiments on purely excitatory networks. (b) Experiments on physiological networks. [(c) and (d)] Single- and two-population active
Kuramoto model with inhibition dynamics.

oscillators introducing an excitable behavior [12,13]. This
excitability drives the system activity to organize into
avalanches whose size and duration distributions exhibit bi-
modality, consisting of a power-law regime followed by
a bump associated with synchronized bursting [7,14]. The
values of the exponents τ and α are compatible with the
mean-field predictions reported in Ref. [7].

We extend the active Kuramoto model in two ways (see
Sec. II G). First, we incorporate an external noise to reproduce
the experimental variability of exponents. Second, we develop
a two-population version of the model to account explicitly for
the effects of the inhibitory population through a biological
grounded modulation of the conservative potential. As shown
in Fig. 2, both the single- and two-population models correctly
reproduce the bimodal distributions observed experimentally:
an initial power-law regime followed by a bump at large S and
T corresponding to synchronization phenomena. Moreover,
tuning the external noise allows reproducing the variability in
exponent values (Table III).

To further investigate the power-law activity regimes, we
also analyze the behavior of the average size of avalanches
conditioned on the duration T , 〈S〉S|T , and compare the re-

sults of experimental and simulated data Fig. 3. The relation
between 〈S〉S|T and T deviates from the power-law behavior
when the bursts at large S and T are approached, in agreement
with the Sethna theory holding only at the critical point, here
in the scaling regime.

Moreover, for both experimental and numerical networks,
the exponent γ shows minimal variations between purely
excitatory and physiological networks (Fig. 3). These con-
siderations further support our hypothesis that differences
between groups within the same experimental setup are
akin to some form of noise. As explained above, the effect
of the noise mostly results in larger exponents. It should
be noted that it is not possible to recover the same set
of exponents in fully excitatory and physiological systems
just by tuning noise. Indeed, larger noise would shift the
exponents toward larger values, further away from physio-
logical ones. However, similar values of the exponents can
be obtained for different sets of parameters, for which the
synchronization regime disappears. This result suggests that
the different range of exponent values depends on the pres-
ence of inhibition and not on the noise level. Interestingly,
the values of γ determined by the fitting procedure are co-
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FIG. 4. Intertime distributions with superimposed theoretical power-law behavior. The crossover time can be estimated from the intersec-
tion between the two power-law regimes. [(a) and (b)] Experiments on purely excitatory networks. [(e) and (f)] Experiments on physiological
networks. [(c), (d), (g), and (h)] Single- and two-population active Kuramoto model with inhibition dynamics.

herent with those estimated from the scaling relation (3).
Moreover, those values are compatible with those reported in
Ref. [32].

B. Intertimes

To probe the temporal correlations of activity, we mea-
sure the distribution of intertimes �t between successive
avalanches. This distribution is able to discriminate between
a Poisson process, in which case it exhibits an exponential
behavior and a process with temporal correlations if a power-
law behavior is detected. Assuming that small-size avalanches
are mostly dominated by external noise, we restrict our anal-
ysis to sizes exceeding a given threshold S
, as in Ref. [45].
We consider two values of the threshold per network type,
corresponding to the two subgroups identified earlier. The
experimental interevent interval distributions, in units of tb
and averaged over the samples of each subgroup, exhibit a
crossover between two power-law regimes [Figs. 4(a), 4(b),
4(e), and 4(f)], in agreement with previous observations in rat
cortex slices in vitro [22] and in MEG and EEG recordings
of the healthy human brain [23]. Importantly, the correspond-
ing distributions P(�t ) for both single- and two-population

TABLE IV. Intertime distribution exponents μ< and μ> resulting
from the analysis of individual samples for experiments on purely
excitatory (100E) and physiological (75E:25I) networks.

100E 75E:25I

Sample μ< μ> S
 μ< μ> S


1 1.1 ± 0.3 1.9 ± 0.2 5 0.9 ± 0.2 2.0 ± 0.3 9
2 1.1 ± 0.2 2.0 ± 0.3 4 0.9 ± 0.2 1.9 ± 0.2 9
3 1.0 ± 0.2 2.0 ± 0.3 4 1.2 ± 0.2 2.0 ± 0.3 8
4 1.1 ± 0.3 2.3 ± 0.3 5 1.1 ± 0.2 1.9 ± 0.2 8
5 1.2 ± 0.3 2.3 ± 0.4 5 1.1 ± 0.2 2.0 ± 0.2 8
6 1.1 ± 0.2 2.4 ± 0.4 5 – – –

models closely match the experimental findings, including
the crossover between the two power-law regimes [Figs. 4(c),
4(d), 4(g), and 4(h)]. Therefore, for both experimental and
numerical data, the distributions indicate the presence of com-
plex temporal correlations resulting in the crossover Fig. 4.
The two exponents μ< (for small �t) and μ> (for large �t)
are consistent from sample to sample (Tables IV and V), since
size thresholding reduces the effect of external noise. We also
note that the values of the exponents μ< and μ> are con-
firmed by simulations of larger system size, where the second
scaling regime extends over almost two decades. In SM [39],
we show results for intertime and avalanche distributions for
N = 4000.

To better quantify temporal correlations, we estimate the
crossover time TI in milliseconds for each sample (Table VI).
Purely excitatory networks exhibit shorter TI than physiolog-
ical ones, consistent with oscillations in the α band.

To compare these results with numerical simulations, a
physical timescale must be assigned to the model. Our choice
is to match the time bin of the model to the average exper-
imental time bin, where the average is performed over the
respective subgroups (more details in SM [39]). Thus, it is
possible to express the crossover time TI in milliseconds.

TABLE V. Exponents μ< and μ> of the average intertime
distribution.

Data μ< μ>

Exp 100E 1.1 ± 0.2 2.0 ± 0.3
p = 10−5 100E 1.1 ± 0.2 2.3 ± 0.3
Exp 100E 1.2 ± 0.2 2.3 ± 0.2
p = 10−4 100E 0.9 ± 0.2 1.9 ± 0.3
Exp 75E25I 1.2 ± 0.1 1.9 ± 0.2
p = 10−4 75E25I 1.2 ± 0.2 1.9 ± 0.3
Exp 75E25I 0.9 ± 0.1 1.9 ± 0.2
p = 5 × 10−4 75E25I 1.0 ± 0.2 2.3 ± 0.3
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TABLE VI. Crossover time of the intertime distributions TI and
of the conditional probability differences TC for individual samples
for the experiments on purely excitatory (100E) and physiological
networks (75E:25I).

100E 75E:25I

Sample TI (ms) TC (ms) TI (ms) TC (ms)

1 90 ± 50 80 ± 40 200 ± 70 180 ± 60
2 130 ± 90 110 ± 60 110 ± 30 90 ± 30
3 140 ± 80 100 ± 50 230 ± 30 170 ± 60
4 100 ± 50 90 ± 50 100 ± 60 120 ± 40
5 40 ± 30 40 ± 20 130 ± 50 100 ± 50
6 30 ± 10 30 ± 20 – –

The average experimental crossover times TI and the corre-
sponding values computed from simulations are reported in
Table VII. All model-derived crossover times TI , except for
the purely excitatory model with p = 10−4, are compatible
with their experimental counterparts. Moreover, the additional
simulations performed on larger system size for the two-
population model confirm that the numerical crossover time
is robust to variation in N [39]. The discrepancy observed for
the 100E case is probably related to an overestimation of the
average time bin tb of the corresponding experiment (see SM
[39]).

C. Correlation between avalanche size and occurrence time

Finally, we investigate the correlations between successive
avalanches by analyzing the conditional probability P(s0, t0)
to observe two consecutive avalanches with a size differ-
ence �S = S(i+1) − S(i) � s0 given the value of their intertime
�t � t0. More specifically, we consider the difference be-
tween conditional probabilities

δP(s0, t0) = P(s0, t0) − P̄(s0, t0), (12)

where P(s0, t0) and P̄(s0, t0) are the conditional probabilities
computed on the original or reshuffled avalanche sequence,
respectively (see Sec. II). A careful analysis of this quantity
can reveal correlations between differences in avalanche size

TABLE VII. Comparison between the average crossover times
extrapolated from the intertime distributions TI and from the con-
ditional probability differences TC for experimental and numerical
data. The adimensional crossover times for numerical data are 14 ± 8
and 19 ± 7 (100E) and 13 ± 10 and 19 ± 8 (75E:25I) for the low-
and high-noise cases, respectively.

Data TI (ms) TC (ms)

Exp 100E 135 ± 60 105 ± 40
p = 10−5 100E 145 ± 80 75 ± 30
Exp 100E 65 ± 20 60 ± 20
p = 10−4 100E 125 ± 50 60 ± 20
Exp 75E25I 155 ± 30 130 ± 30
p = 10−4 75E25I 125 ± 90 75 ± 30
Exp 75E25I 155 ± 40 135 ± 40
p = 5 × 10−4 75E25I 175 ± 70 70 ± 30

and corresponding quiescent times [22,23,34,44]. In all exper-
imental samples the quantity δP exhibits a complex scenario
(see SM [39]). In Figs. 5(a), 5(b), 5(e), and 5(f), the aver-
age curves for each subgroup networks display a crossover
between different regimes, also reproduced by the Kuramoto
models [Figs. 5(c), 5(d), 5(g), and 5(h)]. For small values of
t0, δP presents a positive maximum for s0 < 0 and a negative
minimum for s0 > 0, indicating that for avalanches close in
time, i.e., occurring after a short quiescence period, the second
avalanche tends to be smaller than the preceding one (atten-
uation regime). For large values of t0, δP has the opposite
behavior with its maximum at positive values of s0, implying
that for avalanches distant in time, the second avalanche tends
to be larger than the preceding one (amplification regime). By
varying t0, δP changes continuously between the two differ-
ent regimes, becoming almost flat at a particular value of t0,
identifying the crossover time TC between the attenuation and
amplification dynamics.

For each individual sample, we estimate the crossover time
TC and we report the results in Table VI. We notice that TC

is smaller for purely excitatory networks than physiological
ones. Moreover, TI obtained from the intertime distributions
and TC from the crossover of conditional probability differ-
ences are comparable within the error bars. Let us also stress
that the same kind of observations can be made for numerical
data, as can be seen in Table VII.

IV. DISCUSSION

Our results demonstrate that hiPSC-derived neuronal net-
works display the coexistence of scale-free avalanches with
strongly synchronized bursts and that these features are re-
produced by our novel Kuramoto model. Taken together,
the experiments and theory support the view that neuronal
systems operate in a regime of self-organized bistability, at
the boundary of synchronization where power-law avalanche
regimes and oscillatory events naturally emerge [6,7]. This
behavior differs from what already found in in vitro models
of cortical murine networks: In the seminal works in acute
cortical slices [1] and some years later in dissociated cor-
tical cultures [2], a power-law behavior in the avalanches’
distributions of size and lifetime was found. The presence
of a bump of activity in correspondence of big avalanches
was achieved in such experimental models by altering the
excitatory-inhibitory balance of the networks with the admin-
istration of GABA antagonists like bicuculline or picrotoxin.
In the recordings analyzed in this work, where neurons derive
from hiPSCs, the bistable dynamics (although with different
exponents) persists in both physiological (75E:25I) and fully
excitatory networks (100E). This evidence could be explained
by speculating a peculiar network connectivity for hiPSCs
derived neuronal networks: As computational studies proved
[46,47], the complexity of the network organization pushes
the network dynamics towards power-law and/or bistable dy-
namics: Massobrio et al. simulated a power-law regime only
with a network connectivity organized with the existence of
hubs and clusters of neurons. This feature cannot be explained
by the computational choice pursued in this work: The Ku-
ramoto model implements a full connectivity matrix, thus
ignoring possible connectivity rules.
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FIG. 5. Difference δP between conditional probabilities of observing a difference between subsequent avalanche sizes smaller than a given
value s0 conditioned on the fact that their intertime is lower than t0. The crossover time can be estimated as the time when the switching
between amplification and attenuation regime occurs. [(a) and (b)] Experiments on purely excitatory networks. [(e) and (f)] Experiments on
physiological networks. [(c), (d), (g), and (h)] Single- and two-population active Kuramoto model with inhibition dynamics.

The central innovation of this work is the explicit incorpo-
ration of inhibition dynamics into the Kuramoto framework.
Previous oscillator models successfully capture synchroniza-
tion phenomena [17,19] but represent inhibition in a manner
that results in a nonbiological enhancement of activity [20].
Here, instead, we implement the inhibition dynamics by let-
ting the amplitude of the conservative potential be dependent
on the inhibitory activity, establishing a biologically grounded
mechanism of regulation that accounts for the coexistence of
avalanche-dominated and synchronized states. We also found
that an external Poisson noise reproduces the variability ob-
served across experimental samples. This result is consistent
with previous reports showing that apparent critical scaling
might emerge from stochastic variability [29–31] and that
noise actively modulates avalanche dynamics [22].

As discussed in Sec. III A, the exponents τ and α character-
izing the avalanche size and duration distributions, measured
in both experiments and simulations, differ from those pre-
dicted by the mean-field branching process. Consequently, the
scaling exponent γ also deviates from its theoretical value
γ = 2. Previous studies [48] have attributed such discrepan-
cies to subsampling effects in experimental recordings. While
this explanation may account for the experimental data, it
does not explain the behavior of our model. Moreover, the
values of γ estimated in Sec. III A are consistent with those
reported in Ref. [32], where the exponents τ and α like-
wise differ from the mean-field predictions. Beyond static
avalanche statistics [1–3,44], the analysis of intertime distri-
butions and conditional probabilities has unveiled temporal
correlations between consecutive avalanches. The intertime
distributions exhibited a crossover between two different
power-law regimes. This feature has already been observed

in human brain, where the crossover is related to the α

rhythm [23]. Interestingly, also in our study this crossover
falls into the α band for both purely excitatory and physi-
ological networks. The analysis of conditional probabilities
further confirms the existence of a crossover between attenua-
tion and amplification regimes, with a characteristic timescale
that closely matches the crossover time estimated from the
interevent time distributions, as expected [23]. The ability of
the model to reproduce not only the synchronized activity but
also the avalanche dynamics, including these memory-like ef-
fects strongly suggests self-organized bistability as a unifying
paradigm for brain dynamics, linking avalanche propagation,
synchronization, and temporal correlations within a single
theoretical construct.
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