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ved and N _hidden binary units, whose synchronous
dynamics is defined by the transition probability:

N +N,=20,T=10° time steps, 10°realizations of the couplings; O
sparsness(c)=0.1, g=1.

N =20, N, =4, 20 realizations of the couplings. Clockwise from top left: g=1, c=1.;
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