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Cellular automaron

We propose a cellular automaton model for neuronal networks that combines short-
term synaptic plasticity with long-rerm metaplasticity. We investigate how these two
mechanisms contribute to attaining and maintaining operation at the critical point. We find
that short-term plasticity, represented in the model by synaptic depression and synaptic
recovery, is sufficient to allow the system to attain the critical state, if the level of plasticity
is properly chosen. However, it is not sufficient to maintain the criticality if the system
is perturbed. But the long time scale change in the short-term plasticity, a change in the
way synaptic efficacy is modified, allows the system to recover from perturba
together, these two time scales of plasticity could help the system to attain and maintain
criticality, leading to a self-organized critical state.

© 2012 Elsevier B.V. All rights reserved.
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Spike synchronization

Local circuits in the cortex and pocampus are endowed with resonant, oscillatory firing
praperties which underlie oscillations in various frequency ranges (e.g. gamma range) fre-
quently observed in the local field potentials, and in electroencephalography. Synchronized
oscillations are thought to play portant roles information bin n the brain. Tl
paper addresses the collective behavior of interacting locally synchronized oscillations in
realistic neural networks. A network of five neurons is proposed in order to produce locally
synchronized oscillations. The neuron models are Hindmarsh-Rese type with electrical
and for chemical couplings. We construct large-scale models using networks of such units
which capture the essential features of the dynamics of cells and their connectivity
patterns. The profile of the spike synchronization is then investigated considering different
model parameters such as strength and ratio of excitatory/inhibitory connections. We also
show that transmission time-delay might enhance the spike synchrony. The influence of
spike-timing-dependence-plasticity is also studies on the spike synchronization

© 2012 Elsevier B.V. All rights reserved.
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Intuitively one might expect independent noise to be a powerful tool for desynchronizing a population of
synchronized neurons. We here show that, intri glung]y. for oscillatory neural populations with adaptive
synaptic weights g d by spike timi lasticity (STDP) the opposite is true. We found that
the mhean synaptic coupling in such systosns increases dynamically in responee to the increase of the noise
intensity, and there is an optimal noise level, where the amount of synaptic coupling gets maximal in a
resonance-like manner as found for the stochasticor coherence resonances, although the mechanism in our
case is di . This itutes a noise-induced self- i of the synaptic connectivity, which
effectively counteracts the desynchronizing impact of independent noise over a wide range of the n
intensity. Given theattempts to counteract neural synchrony undedying tinnitus with noisers and maskers,
our results may be of clinical relevance.
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T — neuronio talamico
NP — neurdnio piramidal
IN — interneurdonio
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Modelo Hodgkin Huxley

J. Physiol. (1952) 117, 500-544

A QUANTITATIVE DESCRIPTION OF MEMBRANE
CURRENT AND ITS APPLICATION TO CONDUCTION
AND EXCITATION IN NERVE
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Plasticidade

Potencial de longa duracéao
(LTP) — aumento da forca sinaptica,

Y

* desencadeada por estimulos de alta

Homeostatica
Promove a estabilidade dos

Frequéncia (40 — 300 Hz) - Ca+

Hebbiana

Circuitos neuronais

Depressao de longa
duracao (LTD) — enfraguecimento
da forca sinaptica, estimulacéo
por baixa frequéncia (1 — 5 Hz) - Ca+

1) Atividade sincronizada entre neuronios pré e
pds-sinapticos que culmina em transmissoes
sinapiticas que podem durar de horas até meses;

2) Plasticidade sinaptica dependente do tempo entre
disparos (STDP) - processo biologico que regula
a forca das conexdes entre neurdnios.

Oliveira, A. L. R. e colaboradores, PNAS (2004).
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O. V. Popovych e colaboradores, Scientific Reports 3,
2926 (2013).
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Tempo (s)
Figura 1 - Evolucéo temporal do peso médio sinaptico K(t) para diferentes matrizes de acoplamento. Atencao para
K,=0.02, correspondente a Figura 2 (acoplamento fraco) e k = 0.3 correspondendo a Figura 3 (acoplamento forte).
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Figura 2 - Matriz de acoplamento devido a STDP no regime fracamente acoplada para k,=0.02.
Figura 3 - Matriz de acoplamento devido a STDP no regime fortemente acoplada para k_=0.3.
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Figura 4 - Frequéncia de disparos dos neurdnios. Acoplamento forte e sincronizado (vermelho, corresponde k =0.3 na Figura
1 e matriz de acoplamento da Figura 3). Acoplamento fraco e desincronizado (verde, corresponde k =0.02 na Figura 1 e
matriz de acoplamento da Figura 2). Regime desacoplado kijEO (preto, correspondendo a frequéncia natural).
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Figura 5 - Evolucdo temporal do LFP (local field
potential). Em vermelho, o regime de acoplamento
forte. Em verde o regime de acoplamento fraco. Em
preto, o regime desacoplado kijEO.
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Figura 6 — Evolucdo temporal (200 neurdnios).
Linhas em vermelho correspondem aos neurdnios
disparando em um regime de acoplamento forte e as
linhas em verde correspondem aos tempos de
disparos para o regime de acoplamento fraco.
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Intensidade da perturbacao

Figura 1 — Se uma entrada aleatoria independente é aplicada ao conjunto HH, a quantidade de
acoplamento no conjunto perturbado € significativamente reforgcada, e, curiosamente, as
perturbacbes aleatdrias tém um efeito construtivo sobre a dindmica dos pesos sinapticos.
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