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Abstract. Spontaneous brain activity has been recently characterized by avalanche

dynamics with critical features for systems in vitro and in vivo. In this contribution

we overview the experimental results and discuss a modelling approach implementing

several physiological properties of living neurons which is able to reproduce

experimental results for avalanche statistics. The temporal organization of avalanches

can be characterized by the distribution of waiting times between successive avalanches.

Experimental measurements exhibit a non-monotonic behaviour, not usually found in

other natural processes. Numerical simulations provide evidence that this behaviour

is a consequence of the alternation between states of high and low activity, leading to

a balance between excitation and inhibition controlled by a single parameter. During

these periods both the single neuron state and the network excitability level, keeping

memory of past activity, are tuned by homeostatic mechanisms. Interestingly, the

same homeostatic balance is detected for neuronal activity at the scale of the whole

brain. We finally discuss the learning abilities of this neuronal network. Learning

occurs via plastic adaptation of synaptic strengths by a non-uniform negative feedback

mechanism. The system is able to learn all the tested rules and the learning dynamics

exhibits universal features as function of the strength of plastic adaptation. Any rule

could be learned provided that the plastic adaptation is sufficiently slow.

PACS numbers: 05.65.+b, 05.45.Tp, 89.75.-k, 87.19.L-
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1. Introduction

The activity in neuronal networks consists of one or more action potentials in a single

neuron or an ensemble of neurons. The first case is typical for small networks, as some

experimental systems in vitro, where isolated spikes can be observed. The presence of

a number of action potentials in an ensemble of neurons not always is a consequence of

an external stimulus. Neuronal systems exhibit an intense spontaneous activity, known

since a long time, whose relation with the response to stimulation is not fully understood

yet. It is however well established that spontaneous activity cannot be simply reduced

to a background noise uncorrelated to the system response. Indeed, experimental results

for the cat visual cortex [1] have shown that the intensity of the response to an external

stimulus is roughly proportional to the intensity of the spontaneous activity state of the

system when the stimulus is applied. The variability in the response provided to the

repeated application of the same stimulus is therefore caused by the different levels of

ongoing activity. A similar analysis has been performed at the intracellular level on the

same system, confirming that the spatio-temporal structure of the spontaneous activity

influences the response signal [2].

The typical form of spontaneous activity consists in the almost synchronous

emission of action potentials in a large number of neurons, followed by periods of

substantial inactivity. These high activity events, named bursts, are observed both

during development and in mature systems and can last from a few to several hundreds

milliseconds. Conversely, the quiet periods can last seconds and have been attributed

to a variety of mechanisms: The decrease in the available neurotransmitter [3, 4]; the

presence of an inhibitory factor leading to a suppression of the neurotransmitter release

[3, 4]; the inactivation, or remodulation of the response, of the glutamate receptors [5].

This form of activity appears then as slow oscillations between high activity and low

activity states with a typical frequency of 0.3 - 1 Hz.

In 2003 Beggs and Plenz have identified a novel form of spontaneous activity,

neuronal avalanches [6, 7]. Coronal slices of rat somatosensory cortex were placed

onto a 8 × 8 multielectrode array (MEA) and spontaneous activity was induced by

bath perfusion with the glutamate receptor agonist NMDA in combination with a

dopamine receptor agonist. The intrinsic activity of the system was monitored by

measuring the potential at each electrode. This local field potential (LFP) integrates the

electrical activity of neurons placed in the region surrounding the electrode: negative

peaks in the LFP measure the influx of positive ions and therefore the cumulative

membrane potential variation of the neurons in the region. Experimental data show

that before 6 days in vitro activity is mainly composed of sparse activations but during

the second week simultaneous activations occur in several electrodes. The novel idea

was to examine this electrophysiological signal on a finer temporal scale, which was

able to evidence a complex spatio-temporal structure. Indeed, activity starting at one

electrode may involve more, non necessarily neighbouring, electrodes. Binning time in

cells of duration δt, allows to create a spatio-temporal grid reporting the active electrodes
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in each temporal interval. A neuronal avalanche is therefore defined as a sequence of

successively active electrodes between two temporal bins with no activity. The total

number of active electrodes, or alternatively the sum of all LFPs, is defined as the size

s of an avalanche and the time interval with ongoing activity as its duration T .

The striking result is that both size and duration have no characteristic value, i.e.

their distributions exhibit a power law behaviour. The analysis at a finer temporal scale

is then able to enlighten the non synchronous character of the bursts. The exponents

of these power law distributions depend on the choice for the temporal bin δt. Indeed

larger bins make active electrodes belonging to different avalanches to merge into the

same larger event, leading to a smaller exponent. In order to identify the appropriate

value of δt, Beggs and Plenz verified that if δt is equal to the average value of the time

delay between two successive LFPs in the culture, the exponent does not depend any

longer on the specific culture. They were then able to identify the universal scaling

behaviour

P (s) ∝ s−α with α = 1.5± 0.1

P (T ) ∝ T−β with β = 2.0± 0.1. (1)

The power law behaviour for the size distribution is followed by an exponential

cutoff due to the finite size of the system, whereas for the duration distribution it

extends over about one decade and the exponential cutoff sets in at about 10ms. The

results in vitro have been confirmed by extended studies in vivo on anaesthetized rats

during development [8] and awake rhesus monkeys [9]. Spontaneous neuronal activity

recorded by MEA placed in the rat cortical layer 2/3 at the beginning and the end of

the second week postnatal, shows higher frequency (up to 100Hz) oscillations nested

into lower frequency (4-15Hz) oscillations. At the end of the first week postnatal, bursts

start to organize into high frequency oscillations and become more synchronized during

the second week. Synchronous activity in the bursts exhibits the same scaling behaviour

found for neuronal avalanches in vitro (Eq.s1). This similarity between in vitro and in

vivo experiments supports the idea that the emergence of nested oscillations reflects

the development of layer 2/3 in the cortex. Ongoing activity measured in the primary

motor and premotor areas of two awake monkeys, sitting without behavioural task,

nor under particular stimulus, exhibits also neuronal avalanches. Their organization is

independent of the detection threshold and exhibits scale invariance. Power laws for

the size and duration distributions confirm the scaling behaviour in Eq.1 and suggest

that in large neuronal networks a wide variety of avalanche sizes is possible, including

clusters percolating throughout the system. This indicates that the largest cluster

is solely controlled by the system size and not by the dynamics. This result also

generalizes avalanche dynamics across species and different cortical areas. Criticality

can be therefore considered as a generic property of spontaneous cortical activity, which

may indicate that networks with a larger response repertoire were selected over others

throughout evolution. A flexible spontaneous activity could then underlie and optimize
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important cortical functions as learning and memory.

The investigation on the spontaneous activity has been performed also for

dissociated neurons from different networks as rat hippocampal neurons [10], rat

embryos [11] or leech ganglia [10]. Neurons are mechanically dissociated by trituration

through fine-tipped pipettes and placed onto a MEA, pre-coated with adhesion

promoting molecules, in a nutrient medium. Under fixed conditions of humidity and

temperature, neurons start to develop a network of synaptic connections and, after a

variable period in vitro, exhibit spontaneous electrical activity. The electrodes of the

MEA in these experiments record the spikes, rather than the LFPs, due to individual

neurons attached to them. As a consequence, the temporal scale for the data analysis

has to take into account this difference in order to properly characterize the neuronal

response. Choosing the average inter-spike time at a single electrode as the temporal

scale for data binning, the spontaneous activity is monitored during the development and

in mature cultures. Different behaviours are observed. Only those systems exhibiting

a medium level of synchronization between random spikes and synchronized bursts

exhibit critical behaviour. For those cultures the scaling behaviour is very robust and

in agreement with Eq.1. In particular, the emergence of a critical state has been found

to be strongly related to the aging of the system, namely after the first few weeks in

vitro, where the behaviour of the system is subcritical, some cultures may self-organize

and reach the critical state as they mature [11].

Criticality in brain activity has been also investigated at a larger scale. In particular,

from fMRI recordings of spontaneous activity in healthy subjects the average correlation

function of fluctuations around the mean signal between all pairs of voxels belonging

to different functional areas has been measured [12]. The correlation length, defined

as the spatial scale over which correlations decay to zero, scales with the size of the

area itself (∼ N1/3, where N is the number of voxels in the area). This result confirms

that, also at the scale of functional areas, the brain behaves as a system acting close

to a critical state. More recently, spontaneous brain activity has been measured in

more than 100 healthy subjects by magneto-encephalography (MEG) experiments [13].

Spatio-temporal cascades of deflections have been found to be distributed as a power

law, with the same exponent measured for neuronal avalanches.

In real brain neurons are known to be able to develop an extremely high number

of connections with other neurons, that is a single cell body may receive inputs from

even a hundred thousand presynaptic neurons. One of the most fascinating questions

is how an ensemble of living neurons self-organizes, developing connections to give

origin to a highly complex system. The dynamics underlying this process might

be driven both by the aim of realizing a well connected network leading to efficient

information transmission, and the energetic cost of establishing very long connections.

The morphological characterization of a neuronal network grown in vitro has been

studied [14] by monitoring the development of neurites in an ensemble of few hundred

neurons from the frontal ganglion of adult locusts. After few days the cultured neurons

have developed an elaborated network with hundreds of connections, whose morphology
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Figure 1. Two neuronal avalanches in the scale-free network. 250 neurons

are connected by directed bonds (direction indicated by the arrow at one edge),

representing the synapses. The size of each neuron is proportional to the number

of in-connections, namely the number of dendrites. The two different avalanches are

characterized by pink and blue colours. Connections and neurons not involved in the

avalanche propagation are shown in grey.

and topology has been analyzed by mapping it onto a connected graph. The shortest

path length and the high clustering coefficient measured indicate that the network

belongs to the category of small-world networks [15], interpolating between regular and

random networks. In classical small-world networks the majority of sites have a number

of connections close to the average value in the network. Real neuronal networks behave

quite differently, since neurons with quite diverse number of connections are observed.

Indeed, the properties of the functionality network have been measured experimentally

in human adults [16]. Functional magnetic resonance imaging has shown that this

network has universal scale free properties, namely it exhibits a distribution of out-going

connection number, kout, which follows a power law, i.e. n(kout) ∝ k−2
out, independent

of the different tasks performed by the patients. This behaviour suggests that in the

network few neurons are highly connected and act as hubs with respect to information

transmission. Small world features have been also measured for functionality networks

in healthy humans, whereas they are not present in patients affected by neurological

diseases: Alzheimer patients have longer path lengths (as in regular networks) [17]

whereas schizophrenic patients show a more random architecture of the underlying

network [18]. Epileptic patients exhibit a more ordered neuronal network during seizures

[19], whereas brain tumour patients a more random one [20]. Within this context,

recently Gallos et al [21] have developed a detailed analysis of fMRI data evidencing

the complexity of the modular structure of human brain: The functional network is
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composed of a set of hierarchically organized modules made of strong links. These

modules are self-similar structures, far from being small-world. However, modules are

connected by weaker ties, which make the network small world, preserving the well-

defined modules. Remarkably, weak ties are strategically organized in order to maximize

information transfer with minimal wiring cost.

2. Activity dependent neuronal model

Here we review a neuronal model which includes a number of physiological features

of neuronal behaviour: firing at threshold, refractory period and long-term Hebbian

plasticity [22, 23, 24]. We consider N neurons at random positions, characterized

by their potential vi. Neurons are connected by a network of synaptic links. More

precisely to each neuron i we assign an out-going connectivity degree, kouti , that can

be chosen in agreement with the experimentally measured properties of the functional

connectivity network. Choosing different networks does not affect the scaling behaviour

of avalanche distribution [24]. Two neurons are connected according to a distance

dependent probability, p(r) ∝ e−r/5<r>, where < r > is their average spatial separation

and r0 = 5 < r > a characteristic distance [25]. Once the network of output connections

is established, we identify the resulting degree of in-connections, kinj
, for each neuron j.

To each synaptic connection we assign an initial random strength gij, where gij 6= gji,

and to each neuron an excitatory or inhibitory character, with a fraction pin of inhibitory

synapses.

Whenever at time t the value of the potential at a site i is above a certain threshold

vi ≥ vmax, the neuron sends action potentials which arrive to each of the kouti pre-

synaptic buttons and lead to a total production of neurotransmitter proportional to

vi. As a consequence, each connected neuron changes its potential in proportion to the

strength gij

vj(t+ 1) = vj(t)±
vi(t)kouti

kinj

gij(t)∑
k gik(t)

(2)

where the sum is extended over all out-going connections of i. The plus or minus sign

is for excitatory or inhibitory synapses, respectively. After firing, a neuron is set at the

resting potential vi = 0 and in a refractory state lasting tref = 1 time step, during which

it is unable to receive or transmit any charge.

During the propagation of an avalanche according to Eq. (2), we identify the

bonds connecting two successively active neurons, namely neurons whose activity is

correlated. The strength of their connections is increased proportionally to the activity

of the synapse, namely the membrane potential variation of the post-synaptic neuron

induced by the presynaptic neuron

gij(t+ 1) = gij(t) + α(vj(t+ 1)− vj(t))/vmax (3)

with α a dimensionless parameter. Moreover, once an avalanche of firings comes to an
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Figure 2. The distributions of avalanche size (circles), duration (square) and the total

potential variation during one avalanche (triangle) for 100 configurations of scale-free

network with N = 16000 neurons (α = 0.6, Np = 10000, pin = 0.05). The dashed

line has a slope -1.5, whereas the dot-dashed line has a slope -2.1. The continuous

line represents the experimental distribution of avalanche sizes in rat cortex slices.

Experimental data are shifted for better comparison.

end, the strength of all synapses is reduced by the average strength increase per bond

∆g =
∑

ij,t

δgij(t)/Nb (4)

where Nb is the number of bonds. The strength of the parameter α, controlling both

the increase and decrease of synaptic strength, determines the plasticity dynamics in

the network. This homeostatic mechanism implies that the more the system learns

strengthening the used synapses, the more the unused connections will weaken. By

implementing these rules, our neuronal network ”memorizes” the most used paths of

discharge by increasing their strength, whereas the less solicited synapses slowly atrophy.

Indeed, once the strength of a bond is below an assigned small value gt = 10−4, we

remove it, i.e. set its strength equal to zero, which corresponds to the so-called pruning.

We implement the plasticity rules during a series of Np stimuli in order to modify the

synaptic strengths, initially set at random. The duration of the plastic adaptation is

equivalent to the “age”, i.e., the level of experience, of the system.

2.1. Avalanche activity

After “aging” the system applying plasticity rules during Np external stimuli, we submit

the system to a new sequence of stimuli without modification of synaptic strengths. The

response of the system to this second sequence models the spontaneous activity of a

trained neuronal network with a given level of experience. We analyse this activity by

measuring the avalanche size distribution n(s) and the time duration distribution n(T ).

We measure the distribution of neuronal avalanche sizes, defined either as the total
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number of firing neurons, or as the sum of their voltage variations during an avalanche.

This distribution exhibits a power law behaviour, with an exponent equal to 1.5± 0.1,

quite stable with respect to parameters (Fig.2). This scaling behaviour is also robust

for densities of inhibitory synapses up to 10%, whereas the scaling behaviour is lost

for higher densities. Moreover, the distribution of avalanche temporal durations is also

a power law with an exponent close to −2.0. Both these values show an excellent

agreement with experimental data. Extensive studies have verified that the critical

behaviour of avalanche distributions does not depend on parameter values, network

properties, initial value of conductances [22, 24]. Only for fully connected networks,

which undergo plastic adaptation routines of different length, all networks exhibit

supercritical behaviour, namely an excess of very large avalanches, due to the high level

of connectivity in the system [24]. Moreover, scaling properties do not depend on system

size, indicating that the network is in a critical state and self-regulates, by adjusting

synaptic strengths, producing the observed scale-invariant behaviour. The dependence

of the critical behaviour on synaptic plasticity has been recently investigated in networks

of integrate-and-fire neurons [26, 27].

3. Temporal organization of neuronal avalanches

Spontaneous activity exhibits a complex temporal organization in terms of slow

oscillations between bursty periods, or up-states, where neuronal avalanches are

detected, and quiet periods, named down-states. These are characterized by a so-

called disfacilitation, i.e. absence of synaptic activity in the network, causing long-

lasting returns to resting potentials in a large population of neurons [28], whose onset

presents a high level of synchrony. Whereas action potentials are rare during down-

states, small amplitude depolarizing potentials, reminiscent of miniature potentials from

spontaneous synaptic release, occur at higher frequencies. The non-linear amplification

of small amplitude signals contributes to the generation of larger depolarizing events

bringing the system back into the up-state, as observed in cortical slabs [29], dissociated

cultures [30] and slice cultures [31]. The analysis of the amount of time striatal spiny

neurons [32, 33] and cortical pyramidal neurons [34] spend at each value of the membrane

potential shows that both cell types toggle between two preferred membrane potentials

[35]: a very negative one in the down state, and a more positive, depolarized one, in

the up-state. The neuron up-state being just a few millivolts from the action potential

threshold, suggests that during the up-state neurons respond faster and more selectively

to synaptic inputs. For cortical neurons the up-state would be a metastable state, i.e.

the membrane potential would soon decay down to the resting potential value, if network

mechanisms would not sustain the activity. The up-state has therefore network, rather

than cellular, properties.

The temporal organization of neuronal avalanches can be characterized by analysing

the distribution of periods without neuronal activity between one avalanche and the

following one. Each avalanche is characterized by its starting and ending times, tii and
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tfi . We evaluate the distribution of waiting times ∆ti = tii+1− tfi . This is a fundamental

property of stochastic processes, widely investigated for natural phenomena [36] and able

to discriminate between a simple Poisson and a correlated process. Indeed, in the first

case the distribution is an exponential, whereas it exhibits a more complex behaviour,

with a power law regime, if correlations are present. For a wide variety of phenomena,

earthquakes, solar flares, rock fracture, etc., this distribution always shows a monotonic

behaviour. Interestingly, the waiting time distribution measured in different cultures of

rat cortex slices exhibits a novel, non-monotonic behaviour with common features [37]:

an initial power law regime between 10 and about 200ms, characterized by exponent

values between -2 and -2.3. For ∆t > 200ms curves can become quite different with the

common characteristics of a local minimum located at 200ms < ∆tmin < 1s, followed

by a more or less pronounced maximum at ∆t ≃ 1− 2s. This complex behaviour is not

usually observed in other natural phenomena and suggests that temporal correlations

are relevant in avalanche occurrence.

In order to model the waiting time distribution measured experimentally, we

implement the alternation between up and down-states, both at the level of a single

neuron potential and of the entire network [37]. At the end of each avalanche we measure

its size in terms of the sum of depolarizations δvi of all active neurons, s∆v =
∑

δvi.

If the last avalanche is larger than a threshold, s∆v > smin
∆v , the system transitions

into a down-state and neurons active in the last avalanche become hyperpolarized

proportionally to their previous activity, namely we reset

vi = vi − hδvi (5)

where h > 0. This equation implies that each neuron is hyperpolarized proportionally

to its previous activity, i.e. its potential is the lower, the higher its potential variation

in the previous avalanche, δvi. This rule introduces a short range memory at the level

of a single neuron and models a number of possible mechanisms: the local inhibition

experienced by a neuron, due to spike adaptation, adenosine accumulation, synaptic

vesicle depletion, etc.

Conversely, if the avalanche just ended has a size s∆v ≤ smin
∆v , the system either will

remain, or will transition into an up-state. All neurons firing in the previous avalanche

are not set equal to zero resting potential but to the depolarized value

vi = vmax(1− s∆v/s
min
∆v ) (6)

The neuron potential then depends on the response of the whole network via s∆v, in

agreement with measurements of the neuronal membrane potential which remains close

to the firing threshold in the up-state. smin
∆v controls the extension of the up-state and

therefore the level of excitability of the system. The high activity in the up-state must

be sustained by collective effects in the network, otherwise the depolarized potentials

would soon decay to zero, and therefore the random stimulation in the up-state has

an amplitude that depends on past activity. Eqs. (4) and (5) each depend on a

single parameter, h and smin
∆v , which introduce a memory effect at the level of single

neuron activity and the entire system, respectively. In order to reproduce the behavior



Criticality in the brain 10

10
1

10
2

10
3

10
4

∆t

10
-5

10
-4

10
-3

10
-2

10
-1

10
0

P(∆t)

experimental data

s∆V

 min
=110 h=0.02 

10
1

10
2

10
3

10
4

10
5

∆t

experimental data

s∆V

min
=140 h=0.017 

10
1

10
2

10
3

10
4

10
5

∆t

10
-5

10
-4

10
-3

10
-2

10
-1

10
0

P(∆t) ∆t downstate
∆t upstate

10
1

10
2

10
3

10
4

10
5

∆t

10
-5

10
-4

10
-3

10
-2

10
-1

10
0

P(∆t) ∆t downstate
∆t upstate

Figure 3. (Color online) Waiting time distributions measured experimentally are

compared with the average numerical distributions for 100 networks with N = 64000

neurons. Left: numerical curve (smin
∆v = 140 and h = 0.017) fitting the experimental

curve with blue squares in Fig.1; Right: numerical curve (smin
∆v = 110 and h = 0.02)

fitting the experimental curve with red diamonds in Fig.1. For both experimental

curves the best agreement is reached by numerical curves with R ≃ 10−4. In the inset

the waiting time distribution evaluated separately in the up and downstate. Statistical

error bars not shown are comparable to the symbol size.

observed experimentally, the parameters smin
∆v and h are controlled separately. However,

simulations show that the ratio R = h/smin
∆v is the only relevant quantity controlling the

temporal organization of avalanches.

Numerical simulations show that the system indeed switches between up and down

states, with different temporal durations. For two different cortex slice samples, the

numerical waiting time distributions (Fig.3) exhibit the non-monotonic behaviour of the

experimental curves, where the position of the minimum is controlled by the value of smin
∆v

and the power law regime scales with the same exponent ∼ −2 as experimental data.

The different contribution from the two states is reflected in the activity temporal scale.

The up-state generates strongly clustered avalanches, originating the power law regime

of the waiting time distribution, whose extension depends on smin
∆v (inset Fig.3). Large ∆t

between avalanches generated in the upstate are observed with a very small probability,

which increases with decreasing h. Conversely, the waiting time distribution evaluated

in the down-state has a bell-shaped behaviour centered at large waiting times which

depends on h, i.e. for a larger disfacilitation of the network the probability to observe

intermediate waiting times decreases in favour of long ∆t. The presence of the minimum

and the height of the relative maximum are sample dependent (Fig.3) and for each

sample the agreement between numerical and experimental data depends on the subtle

balance between excitation and inhibition. For different samples, optimal agreement

is realized when the ratio R = h/smin
∆v ≃ 10−4. Enhancing excitation, by increasing

the threshold value smin
∆v , produces a major shift in the data. Increasing inhibition, by
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increasing the parameter h, generates the opposite effect, recovering the good agreement

with experimental data. Interestingly, the avalanche size and duration distributions also

reproduce the experimental scaling behaviour for the parameter values expressing the

balance between excitatory and inhibitory components. The abrupt transition between

the up and down-state, controlled by a threshold mechanism, generates the minimum

observed experimentally.

4. Correlations at the brain scale

A recent study has focused on the detection of temporal correlations in fMRI brain

signal, focusing on deviations with large amplitude [38]. The approach exploits the

analogy with seismic occurrence: large earthquakes trigger a sequence of successive

events whose rate decays in time as the Omori law and whose spatial location diffuses

away from the mainshock epicenter. The aim is to understand if variations in brain

activity are simply driven by local mechanisms, or rather variations occurring close

in time and space are able to affect the activity in the surrounding brain region.

This question has indeed an even wider scope: The understanding of the temporal

organization of activity can shed some light on the mechanisms organizing brain activity

on a larger scale. The study focuses on correlations between local variations in brain

activity with large amplitude, analysing the gradual and continuous changes in the

brain blood oxygenated level dependent (BOLD) signal [38]. The statistical features of

time-intensity correlations [39] can be analysed by evaluating the probability that the

difference in successive local variations in fMRI signal, ∆s = sl(t
′) − sm(t), is smaller

than s0 under the condition that their temporal distance ∆t = t′ − t is smaller than a

certain threshold t0, P (∆s < s0|∆t < t0). For each data set, this probability fluctuates

wildly due to statistical noise. Therefore to eliminate this noise, we evaluate the same

probability also in a synthetic catalog generated by reshuffling the local variations si with

respect to their occurrence time, such that variations and time become uncorrelated by

construction. We monitor the difference between the conditional probabilities, δP (s0|t0)

evaluated for these two data sets, which is different from zero only if significant temporal

correlations are present in the original catalog. In particular, if |δP (s0|t0)| is larger

than zero, it is more likely to find two consecutive variations satisfying both conditions

(∆s < s0 and ∆t < t0) in the real rather than in the reshuffled catalog. We monitor the

behaviour of the conditional probability difference for a range of parameters s0 and t0.

In Fig.4 we plot δP (s0, t0) as a function of s0 for different values of t0. The error bar

of each point is the standard deviation σ(s0, t0) evaluated for the reshuffled data. To have

a finer understanding of the features of temporal correlations we analyse separately the

four different cases: a) the successive local variations are both positive, b) both negative

and c) − d) have different signs. These are independent of each other and the total

probability is the superposition of the four different cases. We first discuss the case of

successive variations with the same sign (case a) and b)): We observe that, in both cases,

for small t0 and for a wide range of s0 values, variations are strongly anticorrelated. More



Criticality in the brain 12

-0.04

-0.02

0
δP

(s
0 | 

t 0) t
0
=5s

t
0
=10s

t
0
=25s

t
0
=225s

-500 0 500
s 0

-0.04

-0.02

0

δP
(s

0 | 
t 0)

0

0.01

0.02

δP
(s

0 | 
t 0)

-500 0 500
s 0

0

0.03

0.06

δP
(s

0 | 
t 0)

s(tj)>0 & s(ti)>0

s(tj)<0 & s(ti)<0

s(tj)>0 & s(ti)<0

s(tj)<0 & s(ti)>0

b)

a) c)

d)

Figure 4. (Color online) The quantity δP (s0, t0) as a function of s0 for t0 =

5, 10, 25, 225sec. For each t0 and s0 the error bar is the standard deviation σ(s0, t0).

Different panels consider all possible combinations of signs of successive variations.

precisely, this implies that in panel a), where only consecutive variations with the same

positive sign are considered, the number of couples in the real catalog is smaller than

the average number of couples in the reshuffled catalogs, for almost all s0. This means

that, at times shorter than 5sec, consecutive variations with the same positive sign are

less frequent than in the uncorrelated case, i.e., such variations are anti-correlated. At

longer temporal distances, variations become completely uncorrelated (δP (s0, t0) = 0),

namely the probability to observe two successive variations with the same sign is the

same as in a reshuffled catalog. Conversely, the analysis of variations with different

signs provides interesting insights: for case c), the quantity ∆s is always positive and

therefore δP (s0, t0) is simply equal to zero for negative s0. Conversely, for positive s0
data show strong correlations rapidly decreasing with the temporal distance, namely

it is probable that a local decrease in activity is followed by an activity enhancement

close in time. Since δP (s0, t0) for t0 = 5s tends to a constant value for s0 . 300, i.e.,

further contributions do not arise for larger s0. We can infer that typically successive

activity variations tend to differ by a quantity smaller than ≃ 300. Strong correlations

are also observed in case d), where the quantity ∆s is always negative and therefore

δP (s0, t0) assumes a constant value for the entire range of positive s0. In this case data

suggest that a local increase in activity induces, after a short delay, a successive activity
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Figure 5. (Color online) The derivative dδP (s0,t0)
ds0

as a function of s0 for t0 =

5, 10, 25, 225sec. For each t0 and s0 the error bar is the standard deviation σ(s0, t0).

Different panels consider all possible combinations of signs of successive variations.

depression. In both cases correlations rapidly decrease in time and variations become

uncorrelated over a temporal distance of about 100sec. The overall analysis suggests

that successive activity enhancements or depressions are strongly unlikely if close in

time and completely uncorrelated over longer temporal scales. Conversely, turning off

activity triggers activity enhancements at some distance after a short time delay, and

vice-versa. Variations of different signs show, indeed, a stronger evidence of correlations

suggesting that the system activity realises a sort of homeostatic balance compensating

local variations.

These results can be better enlightened by evaluating the derivative dδP (s0,t0)
ds0

, which

represents the probability difference to observe ∆s = s0 conditioned to ∆t < t0 (Fig.5).

As expected, the total area underlying the four different cases of dP/ds0 is zero. Also

in this case, deviations with different signs are analysed separately. As observed for

Fig.4, deviations with the same sign (case a) and b)), are strongly anticorrelated.

Conversely, variations with opposite signs (case c) and d)) show clear evidence of

correlations over a temporal scale of few seconds. The analysis performed on extreme

events in BOLD signals suggests that activity variations with opposite sign, namely

activity enhancements and depressions, are correlated in time at least over a temporal

scale of some seconds. This result suggests that the system tends to realise an activity
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balance, where depressions are compensated by successive enhancements and vice-versa.

Interestingly, it is not observed that local enhancements in voxel activity trigger further

enhancements after a time delay, as one might simply expect from the propagation of

activity at the level of individual neurons. Neither it is observed that depressions in

activity induce further depressions. The analysis indicates an homeostatic balance in

the activity as a mechanism controlling the temporal organization in brain signals.

5. Learning Boolean rules

Here we discuss the learning performance of this neuronal network acting in a critical

state [24]. We apply Boolean rules at input neurons and we monitor the response at one

output neuron. These nodes are randomly placed in the network under the condition

that they are mutually separated on the network by kd nodes. kd represents the chemical

distance on the network and plays the role of the number of hidden layers in a perceptron.

We test the ability of the network to learn different rules: AND, OR, XOR and a random

rule RAN with three inputs. A single learning step requires the application of the entire

sequence of states at the input neurons, monitoring the state of the output neuron.

For each rule the binary value 1 is identified with the output neuron firing, namely the

neuron membrane potential at a value greater or equal to vmax at some time during

the activity. Conversely, the binary state 0 at the output neuron corresponds to the

physiological state of a real neuron which has been depolarized but fails to reach the

firing threshold membrane potential during the entire avalanche propagation. Once the

input sites are stimulated, we let the avalanche evolve to its end according to Eq.2.

If at the end of the avalanche the propagation does not reach the output neuron, we

consider that the state of the system is unable to respond to the given stimulus, and

as a consequence to learn. We therefore increase uniformly the potential of all neurons

by units of a small quantity, β = 0.01, until the configuration reaches a state where the

output neuron is first perturbed. We then compare the state of the output neuron with

the desired output.

Plastic adaptation is applied to the system according to a non-uniform negative

feedback algorithm. Namely, if the output neuron is in the correct state according to

the rule, we keep the value of synaptic strengths. Conversely, if the response is wrong

we modify the strengths of those synapses involved in the information propagation by

±α/dk, where dk is the chemical distance of the presynaptic neuron from the output

neuron. The sign of the adjustment depends on the mistake made by the system: If

the output neuron fails to be in a firing state we increase the used synapses by a small

additive quantity proportional to α. Synaptic strengths are instead decreased by α/dk
if the expected output 0 is not fulfilled. This adaptation rule intends to mimic the

feedback to the wrong answer triggered locally at the output site, for instance by some

hormons, and propagating backward towards the input sites.

We first analyse the dependence of the learning performance on the number of

neurons. Indeed, as the system size increases the number of highly connected neurons
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Figure 6. Percentage of configurations learning the XOR rule as function of the

number of learning steps, for α = 0.005, kd = 3, the initial minimum connectivity

degree equal to 3 and different numbers of neurons N (from 250 to 1000 bottom to

top).

becomes larger. A well connected system provides better performance, therefore we

could expect that the size dependence reflects the same effect. In Fig.6 we show data for a

set of parameters and different system sizes. The learning performance indeed improves

with the system size since the overall level of connectivity improves for larger systems.

Next we check the ability of the system to learn the different rules by monitoring the

fraction of configurations learning the AND rule versus the number of learning steps for

different values of the plastic adaptation strength α (Fig.7). We notice that the larger

the value of α the sooner the system starts to learn the rule, however the final percentage

of learning configurations is lower. The final rate of success increases as the strength

of plastic adaptation decreases. This result is due to the highly non-linear dynamics of

the model, where firing activity is an all or none event controlled by the threshold. The

result that all rules give a higher percentage of success for weaker plastic adaptation, is in

agreement with recent experimental findings on visual perceptual learning, where better

performances are measured when minimal changes in the functional network occur as a

result of learning [41].

We characterize the learning ability of a system for different rules by the average

learning time, i.e. the average number of times a rule must be applied to obtain the right

answer, and the asymptotic percentage of learning configurations. This is determined

as the percentage of learning configurations at the end of the teaching routine, namely

after 106 applications of the rule. The average learning time scales as τ ∝ 1/α for

all rules and independently of parameter values. The asymptotic percentage of success

increases by decreasing α as a very slow power law, ∝ α−0.04±0.01, where the exponent is

the average value over different rules. We check this scaling behaviour by appropriately

rescaling the axes in Fig.7. The curves corresponding to different α values indeed all

collapse onto a unique scaling function. Similar collapse is observed for the OR, XOR
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Figure 7. (Top) Percentage of configurations learning the AND rule as function of the

number of learning steps for different plastic adaptation strengths α (decreasing from

bottom to top). Data are for 400 realizations of a network with N = 1000 neurons,

pin = 0.1, r0 = 15, kmin = 3 and kd = 5. (Bottom) Collapse of the curves by rescaling

the number of learning steps by the characteristic learning time τ = 1/α and the

percentage of success by α−0.03.

and RAN rules and for different parameters kd and pin. The learning dynamics shows

therefore universal properties, independent of the details of the system or the specific

task assigned.

6. Conclusions

Extensive simulations have shown that a novel brain model with activity dependent

plasticity, implemented on different lattices is able to capture the main statistical

features of spontaneous brain activity. The ingredients of the model are close to most

functional and topological properties of real neuronal networks. The avalanche size

and duration distributions show a power law behaviour with exponents 1.5 ± 0.1 and

2.0 ± 0.1, respectively, compatible with the values found experimentally for neuronal
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avalanches. The complex non-monotonic temporal organization of neuronal avalanches

is controlled by the system balance level between excitation and inhibition expressed by

the parameter R. Avalanches are temporally correlated in the up-state, whereas down-

states are long term recovery periods during which memory of past activity is erased.

The good agreement with experimental data indicates that the transition from an up-

state to a down-state has a high degree of synchronization. Moreover it confirms that

alternation between up and down-states is the expression of a homeostatic regulation

which, during periods of high activity, is activated to control the excitability of the

system and avoid pathological behaviour. These collective effects must be supported by

the single neuron behaviour, which toggles between two preferential states, a depolarized

one in the up-state and a hyperpolarized one in the down-state. The model confirms

that the depolarized neuron state is a network effect: the avalanche activity itself

determines how close to the firing threshold a neuron stays in the up-state. Conversely,

the hyperpolarized state is a form of temporal auto-correlation in the neuron activity.

Interestingly, a conditional probability analysis of fMRI signals indicates a homeostatic

balance as the mechanism controlling the temporal organization in activity also at the

scale of the entire brain. Finally, the investigation of the learning ability of this model

has evidenced that the learning dynamics is a cooperative mechanism where all neurons

contribute to select the right answer and negative feedback is provided in a non-uniform

way. Despite the complexity of the problem and the high number of degrees of freedom

involved at each step of the iteration, the system can learn successfully even complex

rules, provided that the plastic adaptation is sufficiently slow.
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